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A new self-organizing incremental network isdesigned
for online supervised learning. During learning of the
network, an adaptive similarity threshold is used to
judge if new nodes are needed when online training
data are introduced into the system. Nodes caused
by noise are deleted to decrease the misclassification.
The proposed network, which isrobust to noisy train-
ing data, suits the following tasks: (1) online or even
life-long supervised learning; (2) incremental learning,
i.e., learning new information without destroying old
learned information; (3) learning without any prede-
fined optimal condition; (4) representing the topology
structure of inputting online data; and (5) learning the
number of nodes needed to represent every class. Ex-
periments of artificial data and high-dimension real-
world data show that the proposed method can achieve
classification with a high recognition ratio, high speed,
and low memory.

Keywords: self-organizing, incremental, online super-
vised learning, topology learning

1. Introduction

Supervised learning is aso referred to as discriminant
analysis or supervised grouping. In supervised learning,
a classifier is used to discriminate between members and
non-members of a given class.

Many methods are suitable for supervised learning.
Support Vector Machines (SVMs) produce stable and
high-quality output [1], but they are strongly dependent
on the selection of a kernel function [2]; ADA Boost-
ing [3] requires advance knowledge of the base classi-
fier. For classification tree methods such as CART [4],
splits are increasingly created as the tree expands, and
interpretation would necessarily be more complex. Lin-
ear Discriminant Analysis (LDA) [5] maximizes the ra-
tio of between-class variance to the within-class variance
in any particular dataset, thereby guaranteeing maximal
separability, but it is only suitable to linear discriminant
tasks. Learning vector quantization (LVQ) [6] is adopted
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in a supervised learning technique for the self-organizing
map (SOM) [7], but it requires advance definition of the
number of prototype vectors for classes; furthermore, the
number is the same for every class. Artificial neural net-
works (ANN) [8] are efficient for some supervised learn-
ing tasks. However, if we add one new class to the sys-
tem, thewhol e network must beretrained. For that reason,
ANN is unsuitable for incremental learning tasks, which
are an important aspect of many applications.

The nearest neighbor [9] algorithm differs from other
classification methods in that it does not build a classi-
fier from the training data, but uses the original training
vector in the discriminant process. Salient advantages of
nearest neighbor are that: it can learn from a small set
of examples; it can add new information incrementally
at runtime; it requires no optimization, it is capable of
modeling very complex target functionsusing acollection
of less complex approximations, and it is robust to noisy
training data. On the other hand, its major disadvantage
is the high complexity of recognition for large datasets.
Shibata et al. [10] proposed a K-D decision tree method
to speed up the nearest neighbor algorithm. However, that
method and other traditional methods such as condensing
[11] and editing [12] techniques were unsuitable for in-
cremental learning.

In[13], an incremental network for unsupervised learn-
ing that extended Growing Neural Gas (GNG) [14] was
proposed and used to process some face recognition and
vector quantization tasks. This method can judge whether
new nodes are needed when onlinetraining datacomeinto
the system. The method can del ete nodes caused by noise
to thereby decrease misclassification [15]. In this paper,
we adjust the network in [13] and design a self-organizing
incremental network for online incremental supervised
learning tasks. First, we use the online training samples
to train the network corresponding to each class and out-
put the nodes of the networks. Then, such nodes are used
as prototype vectors of the different classes to assign test
data to different classes. This method is suitable for in-
cremental learning: it can learn new nodes as prototypes
for new classes easily without destroying old learned in-
formation. Inlight of the nearest neighbor advantages de-
scribed above, we adopt the nearest neighbor method as
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the main benchmark for comparison with the proposed
method.

2. Proposed Method

The targets of the proposed algorithm are: (1) Without
prior conditions such as number of nodes or a good net-
work structure or a kernel function to conduct online su-
pervised learning, and represent the topological structure
of input probability density. (2) To learn new information
without destroying old learned information. (3) To learn
the number of nodes needed to represent every class to
avoid catastrophic alocation of new nodes. (4) To delete
nodes caused by noise and thereby decrease misclassifi-
cation.

2.1. Overview of the Proposed Method

In this study, we adopt a self-organizing incremental
neural network to realize our targets. Online training data
are used to train the network for each class and gener-
ate atopological structure of the input pattern. Then the
learned nodes of the networks are used as the prototype
vectorsto classify the test data.

To represent the topological structurein online or life-
long learning tasks, growth is an important feature for de-
creasing task error and adapting to changing environments
while preserving old prototype patterns. Insertion of new
nodesis extremely useful to grow the network without in-
terfering with previous learned knowledge. However, in-
sertion must be stopped to prohibit a permanent increase
in the number of nodes and to avoid overfitting.

We use a similarity threshold for every old node to
judge if a new input pattern originates from a learned
region or from a region that never happened. The sim-
ilarity threshold T; is defined as the distance (Euclidean
distance) from the boundary to the center of Voronoi re-
gion V; of nodei. The Voronoi diagram is the nearest-
neighbor map for a set of points. In this method, the set
of points means the network. Each Voronoi region con-
tains those points that are nearer one node than any other
nodes. During the learning process, node i must change
its position to meet the input pattern distribution. There-
fore, the Voronoi region V; of the node i will change and
the similarity threshold T; will also change. The similarity
threshold is changed adaptively according to the change
of position of node i. We set the input signal as a new
node (the input signal comes from a never-happened area)
when the distance between the signal and the nearest node
(nodeKk) is greater than the similarity threshold Ty of node
k. After somelearning steps, wereject theinsertion of the
new node in the well learned area because the distance
between the input and the nearest node is less than the
similarity threshold T; of node j (the input signal comes
from the area where nodes are sufficiently numerous).

To build connections between neural nodes, we adopt
the competitive Hebbian rule [16]. The competitive Heb-
bian rule can be described as follows: for each input sig-
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nal, connect the two closest nodes (measured using Eu-
clidean distance) by an edge. In online or life-long learn-
ing, the nodes change their locations slowly but perma
nently; nodes that are neighboring at an early stage might
not be neighboring at a more advanced stage. Therefore,
the competitive Hebbian rule removes connections that
have not been refreshed for awhile.

In general, noise exists in real world data. To delete
the nodes caused by noise and thereby reduce misidenti-
fication, we propose the following strategy: if the num-
ber of generated input signals up to that time is an inte-
ger multiple of a parameter, remove those nodes with no
topological neighbor or which have only one. The idea
is based on the behavior of adding and removing edges
from the network. We adopt the competitive Hebbian rule
that connects the two closest nodes for each input signal.
Thereby, nodes having many edges produce a network in
the area where many input signals come. After numer-
ousinput signals, if the node has no neighbor or only one,
then during a period, thisnode has avery low chanceto be
selected as one of the two closest nodes and the insertion
of new nodes near this node is difficult. As aresult, we
infer that the probability that the node is caused by noise

isvery high.

2.2. Complete Algorithm

Along with the analysis of Section 2.1, we present the
complete algorithm here.
Notationsto be used in the algorithm

A Node set, used to store nodes.

C Connection set (or edge set), used to store
connections (edges) between nodes.

W n-dimension weight vector of nodei.

Ti Similarity threshold. If the distance be-

tween an input pattern and nodei is greater
than T;, the input pattern is a new node.

N Set of direct topological neighbors of node
i. If anode links with node i by an edge,
we say the node is the neighbor of nodei.

M; Local accumulated number of signals of
nodei.

age; j) Ade of the edge that connects node i and
node j.

Algorithm 2.1: The proposed algorithm for generating
a self-organizing incremental network

1. Initialize node set A to contain two nodes, ¢; and
¢z with weight vectors selected randomly from the
input pattern. Initialize connectionset C,C C Ax A,
to the empty set.

2. Input new pattern & € R".

3. Search the nearest node (winner) s;, and the second-
nearest node (second winner) s, by

st =arg min [|§ —Wel
ceA

=arg min — W,
S gCGA\{Sl}IIE ell
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If the distance between £ and s; or s is greater than
similarity threshold Ts, or Ts,, the input signal is a
new node; add it to A and go to Step2 to processthe
next signal. The similarity threshold T is calculated
using Algorithm 2.2.

4. If aconnection between s; and s, does not exist, cre-
ate it. Set the age of the connection between s; and
S to zero.

5. Increment the age of all edges emanating from s; by
1

6. Add 1 to the local accumulated number of signals
Ms, .

7. Adapt the weight vectors of the winner and its direct
topological neighbors by fraction €1(t) and &,(t) of
the total distance to the input signal,

MW, = e1(6)(E W)+« o o ©)
AW = &(t)(E —W )

for al direct neighborsi of s;.

We adopt a scheme to adapt the learning rate over
time by &£ (t) = 1/t and &(t) = 1/100t, and t is the
local accumulated number Mg, .

8. Remove edges with an age greater than a predefined
threshold agegeag. If this creates nodes having no
more emanating edges, remove them as well.

9. If the number of input signals generated up to that
time is an integer multiple of parameter A, delete
nodes caused by noise as follows: for all nodes in
A, search for nodes having no neighbor or only one
neighbor, then remove them.

10. Go to Step2 to continue the online supervised learn-
ing.

The similarity threshold T (in Algorithm 2.1, step3) is
defined by the distance from the boundary to the center of
the Voronoi region of the node.

Algorithm 2.2: Similarity threshold T

1. Initiaize the similarity threshold of node i to 4o
when nodei is generated as a new node.

2. When node i is a winner or runner-up, update the
similarity threshold T;:

« If the node has direct topological neighbors, T; is
updated as the maximum distance between node i
and all of its neighbors, as

Ti = maXcen, W —We|[, N; isthe neighbor set
of nodei.

« If nodei hasno neighbor, T is updated as the min-
imum distance of nodei and all other nodesin A,
Ti= minceA\{i} ||VVI _WC“-
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In Algorithm 2.1, we need to determine two parameters:
agegead and A. These two parameters will influence the
frequency of deleting connections among nodes.

The value of agegeag indicates the brittleness of edges.
The edges are difficult to removeif the valueislarge, and
they are removed easily if the valueis small. It is better
to set this value small, thereby predisposing the nodes to
be isolated and to eradicate the influence of noiseif noise
occurs frequently. On the other hand, it is better to set the
value large to preserve connections and to compel nodes
toform acluster if thedistribution of input signalsislarge.

The value of A shows the frequency in judgment of
deleting nodes. If the value is large, then the frequency
islow; asmall value indicates high frequency. It is better
to set thisvalue small to deleteisolated nodes and to erad-
icate the influence of noiseif noise occurs frequently. On
the other hand, it is better to set the value large to preserve
many nodes and to produce edges between the nodes eas-
ily if the distribution of input signalsis large.

Thus, if we want to make a network soon, we can
choosealarge valuefor thesetwo parameters; onthe other
hand, we can set the value of these two parameters as
small to eradicate the influence of noise if noise occurs
frequently. The two parameters depend on the real condi-
tion of thetask. Inthetest of the real world dataset in Sec.
3.2, we present a discussion of the two parameters.

To deal with the Stahility-Plasticity Dilemma, the pro-
posed algorithm controls the stability and the plasticity of
the network on arate at which the weight vectors of the
nodes are adapted to the input signal and a judgment of
the insertion of new nodes. Regarding the adaptation of
nodes, we set the distance to an inverse value of M; in
step7. That brings stability of the node in the area where
the input signal comes frequently, along with plasticity of
the new node. In addition, we use the similarity thresh-
old T; to judge the insertion of a new node. Using this
threshold, an input signal which comes from an area sur-
rounded by nodes and edges never becomes a new node
(stability). The input signal coming from other areas has
a high probability of becoming a new node (plasticity).

3. Experiment

3.1. Artificial Dataset

We conducted our experiment on the dataset shown in
Fig. 1 An artificial 2-D dataset is used to take advantage
of its intuitive manipulation, visualization, and resulting
insight into system behavior. The dataset is separated into
fiveparts: A, B, C, D, and E. Part A issinusoidal and sepa-
ratedinto A1, A2, and A3 to show incremental properties.
The B and C datasets are a concentric circle example. D
isacircular area. E isadataset that satisfies 2-D Gaussian
distribution. We add random noise to the dataset to simu-
late real-world data. For the two parameters agegeaq and
A, we set agegeag = 100 and A = 100 in this experiment.
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Fig. 1. Original data.

gt

Fig. 2. Learned results of the proposed method, normal
environment.

3.1.1. Experiment in Normal Environment
« Training
In a normal environment, we selected 100,000 pat-
terns randomly from the original dataset (Fig. 1) to
train the proposed network. All classes are trained
simultaneously online . During the training process,
no new class occurs. This training condition is nec-
essary for many methods such as ANN. Therefore,
we say it isanormal environment.

Figure 2 shows the training results; the proposed
method can represent the topological structure of an
input dataset very well. We list the number of nodes
needed for every class in Table 1. Table 1 shows
that, unlike some self-organizing map (SOM)-based
methods, for different classes, different number of
nodes are needed for the proposed network. The to-
tal number of nodesis 232.

» Testing
We randomly select 100,000 patterns from areas A,
B, C, D and E asthetest data, and then use two meth-
odsto classify the test data to different classes.

20 Journal of Advanced Computational Intelligence

Table 1. Number of nodes for every classin anormal envi-
ronment.

Class A|B|C|D]|E | Totd
Number || 99 | 36 | 33 | 25 | 39 || 232

1. Nearest Neighbor method

We use al 100,000 training patterns of the train-
ing dataset as the prototype vectors of every class.
Then we classify the test data using the nearest
neighbor rule: find the nearest prototype vector of
atest sample; if the nearest prototype vector be-
longsto classi, the testing sample also belongsto
classi. Here, the distance between vectorsis mea-
sured by Euclidean Distance.

This method is the traditional Nearest Neighbor
method, i.e., al training dataare used asthe proto-
type vector set (in this experiment, 100,000 train-
ing samples are used as the prototype vectors).
The correct recognition ratio is 100%.

2. The proposed method

We use the network nodes learned using the pro-
posed method as the prototype vectors of every
class. Then, the nearest neighbor rule is used to
classify thetest datato different classes. Inthisex-
periment, the total number of nodesis 232. There-
fore, we use only 232 prototype vectorsto classify
thetesting dataset. The correct recognitionratio is
100%.

» Comparing

Comparison of the results of the proposed method
with the traditional Nearest Neighbor method shows
that the proposed method can obtain an equivalent
correct recognition ratio (100%), but requires only
0.232% (cal cul ated by 232/100,000) of the computa-
tional load and 0.232% (calculated by 232/100,000)
of the memory space of the traditional Nearest
Neighbor method. The proposed method speeds
up the traditional Nearest Neighbor method by 430
times (calculated by 100,000/232) with the same
recognition ratio and very small memory space (only
0.232% of Nearest Neighbor).

3.1.2. Experiment in Incremental Environment

In this experiment, new classes will come to the sys-
tem during the training process. Therefore, we name the
environment an incremental environment.

We simulate online learning using the following
paradigm: from step 1 to 20,000, patterns are chosen ran-
domly from area A1l. At step 20,001, the environment
changes and patterns from area A2 are chosen. At step
40,001, the environment changes again, etc. Table 2 de-
tails specifications of the test environment. The environ-
ment changes from | to VII. In each environment, areas
used to generate patterns are marked with “1” and other
areas are marked with “0.”
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Environment 1: 1 cluster Envi 8:3 ]
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Fig. 3. Resultsof the incrementa environment.
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Table 2. Incremental environment.

Area Environment
T iviv]|vi] Vv
Al i1{ol1|l0/]0f|O 0
A2 |oOj1]0|1]0]O 0
A3 OO 1|00 1 0
B ojojof1]1]o0 0
C ojojofloO0O]1]oO0 0
D ojoj0|l0]0]1 0
E ojojo0o|lO0]O0]O 1
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E 200
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Fig. 4. Number of nodes during incremental learning (En-
vironment | — Environment VI11).

Figures 3(a)-(g) show the results of the proposed
method. After learning in one environment, we report in-
termediate topological structures. Environmentsl, I1, and
I11 test a complicated artificial shape (area A). A is sepa-
rated into three parts and data come to the system sequen-
tially. We find nodes of area A increasing following the
change of environment from I to Il and I11. In environment
I, the area A1 dataset is tested. If probability changesto
Zero in some regions, such as in environment 11, the re-
maining nodes of area A1, often called “ dead nodes,” play
amagjor rolein online or life-long learning. They preserve
the knowledge of previous situations for future decisions.
In the future, the reappearance of area A1 (environment
I11) does not increase error and knowledge is completely
preserved, so almost no insertion occurs and most nodes
remain at their positions. Environments IV and V test a
difficult situation (datasets such as areas B and C). The
system also works well. Environments VI and V11 test an
isolated dataset: area D (circular) and area E (Gaussian
distribution).

Figure 4 shows how the number of nodes changes dur-
ing incremental learning. The number of nodes increases
when the input signal comes from a new area (see Ta-
ble 2 and the environment changes from | to VII): the
number of nodes increases. In the same environment, af-
ter some learning steps, the increase in nodes stops and
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Table 3. Number of nodesfor every classin the incremental

environment.
Class A B C | D E Total
Number || 289 | 99 | 86 | 67 | 103 644

Table 4. Number of samplesin the optdigits database.

Class || Training samples | Test samples
0 376 178
1 389 182
2 380 177
3 389 183
4 387 181
5 376 182
6 377 181
7 387 179
8 380 174
9 382 180
| Total || 3823 | 1797 |

the number of nodes converges to a constant because a
many nodes and edges exist in the current learning area,
i.e., further insertion cannot engender a decreasein error.
Table 3 lists the number of nodes that are needed for dif-
ferent classes. For different classes with different shape
and size, the number of nodesis also different; the total
number of nodesis 644.

For testing, we randomly selected 100,000 samples
fromareas A, B, C, D and E of Fig. 1 asthe test dataset.
For traditional Nearest Neighbor method, the 140,000
training samples are used as the prototype vectors and
the correct recognition ratio is 100%. We use the learned
644 nodes as the prototype vectors, and use the nearest
neighbor rule to classify the test data. The correct recog-
nition ratio is 100%. The proposed method requires only
a 0.46% (calculated by 644/140,000) computation load
and 0.46% (calculated by 644/140,000) memory space of
the traditional Nearest Neighbor method. The proposed
method speeds up the traditional Nearest Neighbor 217
times (calculated by 140,000/644) while providing the
same recognition ratio and using very little memory space
(only 0.46% of Nearest Neighbor).

3.2. Real World Data: Character Recognition

In this experiment, we use the Optical Recognition of
Handwritten Digits database (optdigits) [17] to test our
proposed method. In these databases, 10 classes (hand-
written digits) are obtained from 43 people, 30 of whom
contributed to the training set and a different 13 to the test
set. The number of samples in the training set and test-
ing set of every class are listed in Table 4. The training
set has 3823 samples, and 1797 samples in the test set.
The dimensions of the samples are 64. For details of the
database, please see the appropriate reference [ 13].
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With traditional Nearest Neighbor method, using the
3823 training samples as the prototype vectors, we clas-
sify the test samples to different classes using Euclidean
distance as the metric. The correct recognition ratio is
98%. Using some common |oss-based decoding schemes
for different types of Error-Correcting Output Codes
(ECOC) schemes, SVMsasthe basebinary classifier were
trained on a Gaussian kernel with the same value of the
variance for al experiments[18]. The maximum recogni-
tion ratio is 97.4%.

We use the training set to train the proposed network.
We test the proposed method under an incremental en-
vironment. At the first stage, we randomly select sam-
ples from atraining set of class O to train the system. At
this stage, no samplesfrom other classes are chosen; after
10,000 training iterations, at the second stage, the samples
input to the system are selected randomly from atraining
set of class 1, and training is done 10,000 times. Then
for classes 2,3, ..., 9, we use the same method as the first
and second stage to train the proposed network incremen-
tally. After training, we obtain the nodes of the generated
self-organizing network. Then we use such nodes as the
prototype vectors of classesto classify the test samples of
the test dataset and report the correct recognition ratio.

During training, we tested four different parameter sets
for {agegead. A }: (1) {2520, 90}, (2) {100, 100}, (3) {20,
90}, and (4) {20, 50}.

We adopt GNG as a comparative incremental neural
network. Asin the experiment with the proposed method,
we train the networks and obtain nodes for use as the pro-
totype vectors of classesto discriminate test samples. We
set common parameters agegeaq and A to the same pa-
rameter set as that of the proposed method. We define
in advance the maximum number of nodes for each class
to halt the permanent insertion of nodes using GNG. We
set them to the same number of nodes as a result of the
proposed method. We also set some parameters of GNG:
a =0.2, 8 =0.006, g, = 0.5, and €, = 0.0005.

Using the four parameter sets, we obtain different re-
sults. Table 5 lists the number of nodes of every classfor
different parameter sets. Using the nodes as the prototype
vectors, we classify the test samplesto different class and
give the recognition results for different parameter setsin
Table6. From Table 5 weknow that, for different classes,
the number of nodes that are necessary to represent the
classis also different. Table 6 shows that: (1) the pro-
posed method speeds up the traditional Nearest Neighbor
method 4.53 times using only 22.1% of the memory space
whileimproving the correct recognition ratio from 98% to
98.5% (Column Il of Table 6); (2) if we want to speed up
the classification process greatly with much lower mem-
ory space, the correct recognition ratio will be decreased
(Column Il — Column V of Table 6), and the parameter
sets {agegead, A } Will be useful to control the classifica-
tion property; (3) the performance of the proposed method
matches or exceedsthat of GNG, in which the number of
parametersthat must be defined in advanceisdirectly pro-
portional to the number of classes.
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Table 5. Number of nodes for different classes of the opt-
digits database with different parameter sets {ageyead, A }-

No. of nodesfor different
sets of {ageqead, A }

QA @

68 | 42 | 43 7

88 | 62 | 52 40
82 | 59 | 34 33
80 | 56 | 35 43
97 | 58 | 38 40
84 | 63 | 63 28
87 | 46 | 43 31
95 | 50 | 41 34
81 | 51 | 30 48
83 | 57 | 36 30

| Total number || 845 [ 544 | 415 | 334 |

(@)
©| ool N| o U B W[ N | O g

Table 6. Comparing classification results of the proposed
method with Nearest Neighbor method and Growing Neural
Gas for the optdigits database with different parameter sets
{ageyead, A }. For the recognition ratio, the upper row de-
scribesresults of the proposed method. The lower row shows
those of GNG.

set of {agegead, A }
O T @106 @
Recognition || 98.5% | 97.1% | 96.5% | 96.0%
ratio (%) 97.5% | 97.1% | 96.4% | 96.0%
No. of 845 544 415 334
prototypes
Speed up 453 7.02 921 | 1145
(times)
Memory 22.1% | 14.2% | 10.8% | 8.7%
(%)

4. Conclusion

This paper presents a new online incremental learning
method for supervised classification and topology repre-
sentation. Using an adaptive similarity threshold, the sys-
tem can grow incrementally and can accommaodate input
patterns of online incremental data distribution. In sum-
mary, the algorithm can realize online or even life-long
incremental supervised learning. It isindependent of pre-
defined optimal conditions. It represents the topology
structure of inputting online data and learns the number
of nodes needed to represent every class. Moreover, it
is robust to noisy training data. Experiments using arti-
ficial data and high-dimension real-world data show that
the proposed method can realize classification with ahigh
recognition ratio, high speed, and low memory.

We must mention that some other problems remain un-
solved. For example, two parameters must be determined
by the user: ageqeag @and A. Thedifficulty of automatically
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determining such parameters arises from the fact that, for
different tasks, the optimal choice of such parameterswill
be different. It is difficult to give a standard of such pa-
rameters for all tasks. We hope that some methods are
useful to induce optimal choice of such parameters ac-
cording to the different tasks. This problem remains as a
subject for our future research.
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