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Abstract An incremental online semi-supervised active
learning algorithm, which is based on a self-organizing
incremental neural network (SOINN), is proposed. This
paper describes improvement of the two-layer SOINN to a
single-layer SOINN to represent the topological structure
of input data and to separate the generated nodes into
different groups and subclusters. We then actively label
some teacher nodes and use such teacher nodes to label all
unlabeled nodes. The proposed method can learn from both
labeled and unlabeled samples. It can query the labels of
some important samples rather than selecting the labeled
samples randomly. It requires neither prior knowledge,
such as the number of nodes, nor the number of classes. It
can automatically learn the number of nodes and teacher
vectors required for a current task. Moreover, it can realize
online incremental learning. Experiments using artificial
data and real-world data show that the proposed method
performs effectively and efficiently.
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1 Introduction

In general, to obtain good learning results, it is necessary to
use many labeled training objects. However, the acquisition
of labeled training data is costly and time-consuming
because it requires the efforts of human annotators. Conse-
quently, it is difficult to prepare sufficiently numerous
labeled objects, although unlabeled samples are easily
obtainable. Since semi-supervised learning can learn using
both labeled and unlabeled samples, thereby reducing the
cost of labeling the input training data, semi-supervised
learning has attracted much research effort recently [1-4].
In practice, if we have to label a few instances for learning
processes, it might be attractive to let the learning algorithm
inform us which instances to label, rather than selecting
them randomly. This learning method is called active
learning, which means that, the system queries the labels of
some important samples in accordance with the learning
results; it then uses such labeled samples to obtain efficient
learning for unlabeled data. Some active learning methods
such as query-by-committee [5], co-testing [6], and other
recently published methods [7, 8] have been proposed.
Both semi-supervised learning and active learning are
designed to use fewer labeled data to obtain good learning
results. Therefore, it might make sense to use active
learning in conjunction with semi-supervised learning.
Recently, some semi-supervised active learning methods
have been proposed, such as co-EMT [9], generative model
[10], co-training [11], transductive support vector machine
(TSVM) [12], and GRF [13]. Some expanded semi-super-
vised active learning methods are described in [9, 14-17].
The methods listed above use batch learning: during the
learning process, they must use all the input data. However,
in a real-world environment, there might be plenty of data:
it is probably impossible for us to store all the input data.
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Therefore, it would be interesting if we were able to realize
semi-supervised active learning in an online environment,
i.e., update the learning machine step-by-step following the
online input data and the latter update must be independent
of the learned data.

Incremental learning addresses the ability of repeatedly
training a network by using new data without destroying
old prototype patterns. Incremental learning is useful in
many applications. For example, if we intend to bridge the
gap between the learning capabilities of humans and
machines, we must consider the circumstances that allow
the sequential acquisition of knowledge. The fundamental
issue for incremental learning is how a learning system can
adapt to new information without getting corrupted or
forgetting previously learned information: the so-called
stability-plasticity dilemma [18].

As an efficient online incremental learning method, Shen
and Hasegawa [19] proposed a self-organizing incremental
neural network (SOINN). The SOINN separates the data
distribution into different clusters by measuring the simi-
larity (distance) among the data. In fact, SOINN is an
unsupervised learning method that requires no prior condi-
tion (such as the distribution of input data or number of
classes). It can process non-stationary data, separate clusters
with very complex shape, report a suitable number of clus-
ters, and represent topological structures of the input data.

In this paper, we will explain an extension of SOINN to
suit an online incremental semi-supervised active learning.
During extraction of the input data’s topology, we actively
label some suitable nodes (queried by the system) and use
such nodes to label all other nodes in SOINN automatically.
The proposed method is able to learn from both labeled and
unlabeled samples. It can query the label of some important
samples rather than selecting the labeled samples randomly.
It requires no prior knowledge such as the number of nodes
or number of classes. It can automatically learn the number
of nodes and teacher vectors needed for a current task;
moreover, it can achieve online incremental learning.

This paper is organized as follows. In Sect. 2, we
overview SOINN, which is the basis of the proposed
method. In Sect. 3, we improve SOINN and describe a new
clustering method to solve some shortcomings of SOINN.
We extend the improved SOINN to online semi-supervised
active learning in Sect. 4. In Sect. 5, we use some exper-
iments to test the efficiency of the proposed method. In
Sect. 6, we summarize the results of this research and
discuss the future research.

2 Overview of SOINN

A SOINN adopts a two-layer network to realize the
learning process. The first layer learns the probability

@ Springer

density distribution of the input data and uses nodes to
represent the distribution. The second layer separates the
clusters by detecting the low-density area of the input data.
The SOINN adopts the same learning algorithm for the first
and second layers. Figure 1 presents a flowchart of the
SOINN learning process.

An input vector finds the nearest node (winner) and the
second nearest node (second winner) of the input vector
when it is given to SOINN. It then judges if the input
vector belongs to the same cluster of the winner or second
winner by using the similarity threshold criterion. In the
first layer of SOINN, it adaptively updates the similar
threshold of every node because the input data distribution
is unknown. The similar threshold T; is calculated using the
maximum distance between node i and its neighboring
nodes if node i has neighboring nodes:

7, = max [ W, — W) 1)

In this equation, N; is the set of neighboring nodes of
node i, and W; is the weight vector of node i. The similar
threshold T; is defined as the minimum distances between
node i and other nodes in the network if node i has no
neighboring nodes.

T;= min ||W,— W, 2
min [[W; — W @

Here, N is the set of all nodes.
The input vector belongs to a new cluster different from
that of the winner and second winner if the distance

C1 st Iayer) Can IayeD

| Initialize |
i
—'| Input vector |

!
Find winner and
second winner

Within-class

insertion
Between-class !

L] insertion | Delete noise nodes

Connect winner
and second winner
I
Update weight
vector of winner
and neighbors
!

Delete old edges I_

put vectors =
multiple of LT.2

OQutput results

Fig. 1 Flowchart of SOINN
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between the input vector and the winner or second winner
is greater than the similarity threshold of a winner or sec-
ond winner. In this situation, the input vector will be
inserted into the network as a new node to represent the
first node of a new class. This insertion is called a between-
class insertion.

The weight vector of the winner and its neighboring
nodes are updated if the input vector is judged as belonging
to the same cluster of a winner or second winner.

The winner and second winner are connected with an
edge if no edge connects them. The “age” of the edge is set
as “0”; subsequently, the age of all edges linked to the
winner is increased by ‘1’. The system removes that edge if
the age of one edge is greater than a predefined parameter
agemax-

After A learning iterations, the SOINN inserts new nodes
in the position where the accumulating error is extremely
large. It cancels the insertion if the insertion cannot
decrease the total error. This type of insertion is called
within-class insertion. SOINN then finds the nodes whose
neighbors are less than or equal to 1 and deletes such nodes
on the basis of the presumption that such nodes lie in the
low-density area.

SOINN is able to process online non-stationary data,
conduct unsupervised learning without prior conditions,
report a suitable number of classes and represent the
topological structure of input probability density. It can
also separate classes with low-density overlap and detect
the main structure of clusters that are polluted by noise. It
can incrementally learn new input information without
destroying the learned knowledge. With the above-men-
tioned features, SOINN has been used in applications such
as pattern classification [20, 21], associative memory [22],
pattern-based reasoning [23], word grounding [25], and
grammar learning [26].

However, the two-layer SOINN has some shortcomings.
Chief among them is that it is difficult to choose when to
halt first-layer learning and begin second-layer learning.
Also, for the second layer, if the learning results of the first
layer were changed, all learned results of the second layer
would be destroyed, thereby necessitating retraining of the
second layer. It implies that the SOINN second layer is
unsuitable for online incremental learning.

3 Improvement of SOINN

For the first layer of SOINN, the output results are the
weights of nodes that are typical points of the input data.
Such nodes and edges between the nodes represent the
topological structure of the input data. After LT learning
iterations of the first layer, the learning results will be used
as the input for the second layer.

In fact, because the similarity threshold of the first layer
of SOINN is updated adaptively, the accumulated error will
not be high; hence, the within-class insertion is slightly
successful. The within-class insertion for the first layer is
unnecessary. The second layer of SOINN uses the same
learning algorithm as the first layer. The similarity
threshold of the second layer is calculated using the results
of the first layer and it is constant. Therefore, for the second
layer of SOINN, both between-class and within-class
insertions are important.

However, for the second layer, if the learning results of
the first layer are changed, all learned results of the second
layer will be destroyed. Moreover, the second layer must
be retrained, which means that the second layer of SOINN
is unsuitable for an online incremental learning process.
Also, we must confront the problem of how to separate the
overlapped clusters appropriately if we only adopt the first
layer.

In [24], it is shown that the first layer of SOINN is able
to represent the topological structure of the input data. In
this paper, we propose a new cluster method that adopts
only the first layer of SOINN to realize online incremental
learning. It can achieve the same classification perfor-
mance as the two-layer SOINN. We present a flowchart
depicting the proposed single-layer SOINN in Fig. 2.

One SOINN feature is that it can represent the density
distribution of input data and generate nodes to represent
the topological structure of the input data. In general, many
nodes will be generated in the high-density area. Therefore,
in a high-density area, the distance between neighboring
nodes, i.e., the length of the edges linking such nodes, will
be short. Here, we define the density D(i) of node i using
the mean of the distance between node i and its neighbors,
as
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Fig. 2 Flowchart of single-layer SOINN
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1
D(i) =——, 3
(i) 1 dr (3)
where
) W, — W
4.~ Zr I Wi W

is the mean of the distance between node i and its neigh-
bors. In addition, IN,| represents the number of elements in
the neighboring set N;.

According to the definition of density of a node, if the
density of the input data is high, the density of the asso-
ciated node will also be high. We presume that, in the
central part of a cluster, the input data density is high; in
the overlapped area, the input data density is low (Fig. 3).
Consequently, high-density nodes lie in the central part,
and low-density nodes lie in the overlapped area.

We designated node i as the central node if one node
i satisfies D(i) > D(j) for all j € N;. With the central node,
we can separate the clusters obtained from the single-layer
SOINN into small subclusters. Algorithm 1 describes how
to separate the clusters into subclusters.

In real tasks, the density distribution is not smooth but
fluctuated (Fig. 4); it might be caused by noise or a dearth
of samples. Under this situation, the original data will be
unnecessarily separated into several small subclusters
(Fig. 5). Here, we try to smoothen the density distribution
by judging whether we need to separate the fluctuated
distribution into subclusters, and group the resultant sepa-
rated subclasses.

We use the density difference of the central node to the
boundary of subclusters to achieve grouping. Presuming
that node a belongs to subcluster A and that node b belongs
to subcluster B, if an edge (a, b) links node a and b, we
call edge (a, b) a “boundary edge” between subclusters
A and B. For example, in Fig. 4, some boundary edges can
be seen to lie in the overlapped valley area, and Fig. 6
shows examples of such boundary edges. We call the
density in that valley the “boundary edge density”:

D(a,b) = min(D(a),D(b)). (7)

In general, numerous boundary edges lie between sub-
clusters and we call the boundary edge with the highest
density the “maximum boundary edge”:

Algorithm 1 Separate SOINN nodes into subclusters

1: Find all central nodes {c;}}_; with local maximum density and assign such nodes different
class labels. Initialize the set of labeled nodes as Jg = {c;}7 ;.
2: For all unlabeled nodes, find node ¢ with the highest density, as

¢ = argmax D(j) (5)
JEN\Js

3: Find node j with the highest density among the neighbors of node ¢, as

j = argmax D(k) (6)
kEN;

i

4: Label node 4 with the label of node j. Update the labeled dataset Jg with Jg = Jg U {i}.

5: If Jg = N, stop. Otherwise, go to Step 2.

Fig. 3 Two overlapped classes: two-dimensional Gaussian distribution
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Dyp = (a%g“; D(a,b). (8)

Here, E,p is the set of boundary edges between
subclusters A and B.

Class 2

Class 1

Fig. 4 Clusters with overlapped area (with fluctuation)
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Fig. 5 With the fluctuated distribution of Fig. 4, Fig. 3 is separated
into many subclusters

We use the density of the “maximum boundary edge” to
judge whether we need to group the subclusters. If

D(CA) — DAB <GC (9)
or
D(CB) _DAB <GC (10)

smoothing parameter, which means that, if the difference
between the density of the central nodes and the density of
the maximum boundary edges is less than a group
threshold G, the two subclusters A and B will be
grouped in the same group.

The group threshold G is determined by the mean
density difference between boundary nodes and the
smoothing parameter o.. The grouping of subclusters will be
difficult if a small value is adopted for o. All subclusters
will be grouped together if a very large o is adopted.

According to the maximum boundary edge, with the
formula shown in (9) and (10), we judge whether we need
to group the subclusters. Algorithm 2 summarizes the
grouping process. Figure 7 shows the grouping results of
Fig. 5.

Using Algorithm 1 and 2, we merely adjust the clus-
tering technique of SOINN without changing the topolog-
ical structure. It becomes possible for us to adopt only the
improved single-layer SOINN to detect the overlapped area
and present the topology of the input data.

Algorithm 2 Grouping the subclusters

1: Find the set of maximum boundary edges Jg = {(a;i,b;)}!_;. For every node, assign a
different group label to the subcluster to which the node belongs.

2: Randomly choose one (a;,b;) € Jg; then presume that node a; belongs to subcluster A,
and that node b; belongs to subcluster B. If D(ca) — Dap < G¢ or D(cg) — Dap < Ge
is satisfied, assign all nodes belonging to A and B the same group label, and update

Ja = Ja\{(ai, b;)}-
3: If Jo = 0, stop. Otherwise, go to Step 2.

is satisfied, we say that subclusters A and B belong to the
same group. Here, ¢4 and cp denote the central nodes of
subcluster A and B, respectively; G is the group threshold
of the cluster C, to which both A and B belong.

o

Ge == > ID(i) = D(j) (11)

|EC| (iy)€Ec

In the above equation, E is the edge set of cluster C,
IE-l is the number of elements of E., and o is the

Fig. 6 Boundary edges between two subclusters

We summarize the improved one-layer SOINN in
Algorithm 3. For the reason described above, we do not
include a within-class insertion part in the algorithm.

In Algorithm 3, some parameters are determined by the
user. Actually, 4 will be used to decide when to cluster
nodes, and when to separate and group the subclusters. As
described in [19], A is not sensitive. In addition, o influ-
ences the grouping of subclusters. These parameters are
difficult to determine automatically, they depend on the
real-world environment, distribution of input data, number
of samples, and the amount of noise. For example, if few

Fig. 7 Grouping results of Fig. 5
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samples are in the training set, the density distribution will
fluctuate and a large value of o is needed to simplify the
grouping process. If the training set contains lots of sam-
ples, we can set o small value to make the grouping process
difficult. We will explain the sensitivity analysis of « in
Sect. 5.

4 Extension to semi-supervised active learning
4.1 Semi-supervised learning SOINN (S-SOINN)

In fact, SOINN is an unsupervised learning method. Hence,
even if we assign a label to the input training data, SOINN
will process the data as unlabeled data. Here, we extend
SOINN to process the labeled data. If a labeled vector with
weight W, is input to SOINN, we find the nearest node w,
to the vector by formula (12).

Algorithm 3 generates nodes and the topological
structure on the basis of the input data density; data
belonging to the same class will be allocated to the same
cluster. For low-density nodes, it is possible that such
nodes lie in the overlapped area between classes. For
high-density nodes, it is possible that such nodes lie in the
central part of a class. Algorithm 3 detects the overlapped
area, separates the nodes into different subclusters, and
combines some over-separated subclusters into groups.
The probability of such nodes having an identical label is
high if the nodes belong to the same group. If nodes
belong to the same subcluster, the probability of such
nodes having the same label is much higher. We give
these nodes an identical label if the generated nodes
belong to the same subcluster. Therefore, given teacher
nodes, we are able to label the unlabeled nodes with the
same label as the teacher node within the same subcluster.

Algorithm 3 Learning algorithm of the improved single-layer SOINN

1: Initialize node set N = {n1,n2}, weight vector Wy, , W, are randomly chosen from input

dataset Is.

2: Randomly choose one input vector W € I;.

3: Find winner w; and second-winner wg from the node set N, as

w1 = argmin |W; — Wy|| (12)
1€N\{i}
w2 = argmin [|W; — Wil (13)
iEN\{i,wl}

: Calculate similarity threshold To,, and Ty, by formula (1) or (2).
s if Wy — Wy, > Ty or Wy — Wy, > Ty, then

Set the initial accumulated number of signals M, = 0, go to Step 19.

4
5
6: Add a new node ns with weight vector Wy to node set N, as N = N U {ns};
7.
8

: else
9: My, = My, + 1.
10: end if
11: if No connection exists between w1 and w2 then
12:  Connect wy and wg with an edge (w1, w2);
13: age(yw,,wy) = 0.
14: end if

15: Update weight vector of the winner with

le — le + Ale — W(ul +

1
Mo,

(Ws - le) (14)

16: Update the weight vector of the neighboring nodes of winner ¢ € Ny, with

W, — Wi + AW, — W, +

1

— (W.—-W 15
ooz (W =W (15)

17: Increase the age of edges linked with winner by 1, as age (w, i) = a8e(w, i) T 1.

18: Find the edges whose age is greater than age

; delete such edges.

max?

19: if The number of input vectors is a multiple of A then
20:  Remove the nodes whose neighbor nodes are less than or equal to 1;
21:  Call Algorithm 1 to cluster all generated nodes;

22:  Call Algorithm 2 to group subclusters.

23: end if

24: If the learning is finished, stop. If not, go to Step 2.

We also assign node w; the same label as that of the
input vector W,. In this manner, if one node is labeled
directly with the label of an input vector, the node is called
a “teacher node”.

@ Springer

We can label the unlabeled node with teacher nodes
within the same group if no teacher node exists in the
subcluster. Algorithm 4 shows details of the labeling
process.
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Algorithm 4 Label the nodes with teacher nodes

1:
2:

Initialize teacher node set N and labeled node set with J;, = Np.
Choose one node ¢ € N\Jy,. Assume that Ng is the node set within the same subcluster
as node i, and N¢ is a node set within the same group as node i.

3: if NgNJg # 0 then
4:  Find node [ which satisfies
I = argmax D(j). (16)
JENsNJL
5.  Go to Step 12.
6: end if
7: if Ng N Jg # () then
8:  Find node ! which satisfies
Il = argmax D(j). (17)
JENGNJL
9:  Go to Step 12.
10: end if
11: For all nodes in Ng, assign new class labels to the nodes. Go to Step 13.
12: For all nodes in Ng, assign the nodes the same label as that of the teacher node I.
13: Update the labeled node set J;, = Jr U Ng.
14: If Jp = N, then stop. Otherwise, go to Step 2.

According to this algorithm, if we use the teacher vector
to label some teacher nodes generated by Algorithm 3, we
can label all unlabeled nodes that represent the distribution
of the input data: Algorithm 3 is thereby expanded to suit
semi-supervised learning tasks. Algorithm 5 portrays the
semi-supervised learning process.

node of a subcluster is a teacher node, no other teacher
node within the same subcluster influences the labeling of
unlabeled nodes. Consequently, we merely need to set the
central node as a teacher node, which is sufficient for the
labeling task. Using Algorithm 1, we can use a subcluster
or a group of subclusters to represent the input data. For

Algorithm 5 Semi-supervised learning with improved SOINN (S-SOINN)

1:

2:

3:

Using Algorithm 3 to train all labeled and unlabeled data (both online and batch training
are possible). Generated nodes are separated into different groups, and subclusters.

After a period of learning, do the following Steps 3 and 4 (for batch learning, Steps 3 and
4 can be followed after the learning of Algorithm 3 is completed).

Using labeled data (teacher vectors) to find teacher nodes from the generated node set

with formula (12).

4: Using Algorithm 4 to label all nodes with teacher nodes found in Step 3.
5: If online learning is not finished, go to Step 1.

Using Algorithm 5, we know that the method is not only
suited to batch learning, but that it is also suitable for
online incremental learning because Algorithm 3 is an
online incremental learning method. When expanding
Algorithm 3 to semi-supervised learning, we need only
store teacher vectors in a memory buffer for finding teacher
nodes in Step 3 of Algorithm 5. All learned unlabeled data
can be discarded; after a period of learning, even the buf-
fered teacher vectors can be released.

4.2 Active learning SOINN (A-SOINN)
As described in the preceding section, for high-density

nodes, it is possible that such nodes lie in the central part of
a class. Using Algorithm 4 we know that, if the central

that reason, we can actively set central nodes as teacher
nodes in the order of group and subcluster. In other words,
it is possible to use much fewer teacher nodes and yet
realize semi-supervised active learning.

For low-density nodes, it is possible that such nodes lie
in the overlapped area between classes, i.e., the neighbor-
ing nodes might have different labels. In this situation, we
say that this area is the boundary between classes, and call
such nodes “boundary nodes” (for example, in Fig. 6, the
nodes linked by boundary edges are boundary nodes). We
set the boundary nodes as teacher nodes and ask for their
label if we want to realize high-precision learning.

Using the analysis presented above, Algorithm 6 sum-
marizes the active learning process (query for teacher
vectors).
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Algorithm 6 Actively query for class label

1: Assume that the group set without a teacher node is Ag = {G;}72;.

2: if Ag # () then

3:  Find group G with G' = argmax,¢ 4, |Na|. (% find biggest group)

4: Find node g with the highest density in group G: ¢ = argmax;e n, D(i).
5. Go to Step 19.

6: end if

7: Assume that the subcluster set without a teacher node is Ag = {Si},li:l.

8: if Ag # () then

9:  Find subcluster S with S = argmax,¢ 4 [Na|- (% find biggest subcluster)
10:  Find the node with the highest density in subcluster S: ¢ = argmax; ¢y D(3).
11:  Go to Step 19.
12: end if
13: Assume the boundary node set without a teacher node is Np.
14: if Ng = ) then
15:  Stop learning without the query.
16: else
17:  Randomly choose one g € Np.
18: end if
19: Ask for the output label of the weight vector Wy of node ¢. Then stop.

With the active query process Algorithm 6, we expand
Algorithm 5 to the active learning version in Algorithm 7.

other distributions belong to different classes (B, C, and
D). We also add 10% noise to the dataset. Here, noise

Algorithm 7 Active learning with improved SOINN (A-SOINN)

1:

2:

Using Algorithm 3 to train all labeled and unlabeled data (both online and batch training
are possible), generated nodes are separated into different groups and subclusters.

After a learning period (for batch learning, the next steps can be followed after the learning
of Algorithm 3 is completed), use Algorithm 6 to query for the label of the central nodes
of groups and subclusters. If the boundary edges exist, query for the label of the boundary

nodes.

3: Using Algorithm 4 to label all nodes with teacher nodes found in Step 2.
4: If online learning is not finished, go to Step 1.

Compared to Algorithm 5, Step 2 of Algorithm 7 is
different. This actively querying process ensures that we
need fewer labeled samples for Algorithm 7 than when
using Algorithm 5. The choosing of central nodes and the
boundary nodes as the teacher nodes allows the system to
achieve higher learning efficiency than by randomly
choosing teacher nodes from the SOINN node set. Note
that the system finds the teacher nodes in an online manner
and the labels of teacher nodes are also queried in an online
manner.

5 Experiment
5.1 Experiment using artificial data

In this experiment, we use artificial data as the input
vector to perform the experiment. The dataset, which is
shown in Fig. 8, comprises two overlapped Gaussian
distributions, two concentric rings, and a sinusoidal
curve. We set the inside of the concentric rings and the
lower Gaussian distribution as the same class (class A);

@ Springer

means that the training dataset contains an unknown
amount of noise in the features and class labels. The
noise is distributed randomly throughout the whole fea-
ture space. We randomly label such noise samples by
using class names.

In the first experiment, we perform the experiment under
a stationary environment, i.e., in one iteration, choose an
input vector randomly from the dataset. After 100,000
training iterations, according to Algorithm 6, the system
asks for labels of 10 teacher nodes. The parameters of the

Fig. 8 Aurtificial data used for experiments
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Fig. 9 Experimental results obtained using artificial data under a
stationary environment. Unlabeled nodes are labeled with different
marks; teacher nodes are labeled with large marks

proposed method are 4 = 500, agen.x = 30, and o = 2.0.
The experimental results are shown in Fig. 9.

In Fig. 9, we use different marks to illustrate the nodes
given with different labels. The teacher nodes that are
queried by the system are denoted with large marks.
Actually, Fig. 9 shows that the proposed method can
remove the noise, represent the distribution of input data,
and give suitable cluster labels to all nodes with only 10
labeled teacher nodes.

We also use different values of o to test the degree to
which o is sensitive to the learning results. The results are
shown in Table 1.

Table 1 shows that if a small « is adopted, the grouping
of subclusters will be difficult, and there will be numerous
subclusters. More subclusters are grouped following the
increase in o. The grouping process becomes stable in the
range o € [2.0, 10.0]. All subclusters will be grouped
together if we adopt a very large value for o.

In the second experiment, we performed online incre-
mental learning under a non-stationary environment, that
is, the input data of classes are input incrementally to the
system. Table 2 details specifications of the test environ-
ments. The environment changes from I to IV (i.e., there is
concept drift in this task). In each environment, classes
used to generate samples are marked as “1”; other classes
are marked as “0.” As presented in Table 2, we simulate
online incremental learning by using the following para-
digm: from iteration 1 to 50,000, samples are generated
randomly from class A. From iteration 50,001, the envi-
ronment changes and samples from class B are generated.

Table 1 Sensitivity analysis result of parameter o: stationary
environment
o 001 05 1.0 1.5 20 4.0 10.0 40.0 100.0

No.of groups 30 21 12 6 4 4 4 2 1
No. of teachers 57 46 28 19 10 10 10 5 1

Table 2 Experimental environments for online incremental learning

I I I v
A 1 0 1 0
B 0 1 0 1
C 0 0 1 0
D 0 0 0 1

From iteration 100,001, the environment changes again,
and so on. The parameters are set as 4 = 250, agen.x =
40, and oo = 3.2.

After every 50,000 training iterations, Algorithm 6 asks
for the class label of some teacher nodes. Figure 10 pre-
sents results for every 50,000 training iterations. The sys-
tem will generate nodes to represent the new distribution
and ask for the label of teacher nodes of such new input
classes if data from new classes are added to the system.
From the top to the bottom of Fig. 10, the displayed results
were obtained after 50,000, 100,000, 150,000, and 200,000
training iterations.

In Environment I, only class A is used to generate
training samples. For a Gaussian distribution, the system
only queried the label of one teacher node; for the ring,
the system asks for labels of three teacher nodes. In
Environment II, the probability of getting samples from
class A changes to zero. Remaining nodes of class A play
a major role in online learning. They preserve the
knowledge of the previous situation for future decisions.
In Environment III, the reappearance of class A does not
change the learned results because knowledge is pre-
served completely. Consequently, no more teacher nodes
are needed for labeling the reappeared class A. Environ-
ments II, III, and IV add new information to the system
(classes B, C, and D); the system asks for labels of the
new added information for some teacher nodes. The
system realizes incremental learning without destroying
the learned knowledge.

Compared to Fig. 9, the system depicted in Fig. 10
needs more teacher nodes and more nodes. This means that
incremental learning with non-stationary environments is
more difficult than with the stationary environment, and the
system must have more nodes to preserve learned knowl-
edge and learn new information. It also requires more
teacher nodes to label those generated nodes.

For the incremental non-stationary environment, we also
tested the sensitivity of parameter a. The results are pre-
sented in Table 3.

Table 3 shows that, as we know from the experiment
with the stationary environment, small o leads to many
groups, and very large o leads to only one group.
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Fig. 10 Incremental learning results of artificial data. Unlabeled nodes are labeled with different marks; teacher nodes are labeled with large
marks. From the top left to down right, the figures represent the learning results for 50,000, 100,000, 150,000, and 200,000 training iterations

Table 3 Sensitivity analysis result of parameter o: incremental
non-stationary environment

o 05 1.0 15 20 25 32 6.0 40.0 100.0

No. of groups 26 17 9 7 6 4 4 2 1

No. of teachers 66 49 35 29 23 16 15 7 1

5.2 Experiment using real-world data
5.2.1 Efficiency of active learning

In this experiment, we use Optdigits [27] to test the effi-
ciency of Algorithm 6. We compare the results of actively
querying the teacher nodes and querying the teacher nodes
randomly. Actually, Optdigits is a dataset comprising 3,823
training vectors and 1,797 testing vectors: every datum is a
64-dimensional handwritten digit vector. We use all
training vectors as input data. After 200,000 training iter-
ations, we actively query teacher nodes according to
Algorithm 6 and report the results. Then we randomly
choose teacher nodes and report the results. We use
the same parameters for both experiments: A = 10,000,
age . = 100, o = 1.0. We conduct 100 tests and take the
average as the final result, as shown in Fig. 11. In Fig. 11,
the solid line represents the results of active queries, and
the dotted line shows the results of random queries. The
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Fig. 11 For Optdigits, actively querying teacher vectors, and
randomly querying teacher vectors: a comparison. The solid line
represents the results of active queries; the dotted line shows the
results of random queries. The vertical axis shows the recognition
ratio. The horizontal axis shows the number of queried teacher
vectors

vertical axis shows the recognition ratio, and the horizontal
axis shows the number of teacher vectors. As depicted in
Fig. 11, with the same number of teacher vectors, active
queries obtain a much higher recognition ratio than random
queries. Following the increase in teacher vectors, the
recognition ratio of active queries increases much faster
than random queries. These results show that, by using
Algorithm 6, active learning can achieve highly efficient
learning.
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5.2.2 Experiment for incremental learning

In this experiment, we use Optdigits to test incremental
learning: new classes are added to the system during online
learning.

The input data change in the order of odd digits, even
digits, and all digits for every 50,000 iterations. After every
10,000 learning iterations, the system queries for labels of
teacher nodes by using Algorithm 6. The parameters are set
as 2 = 10,000, age,.x = 100, and oo = 1.0. Figures 12 and
13 depict those results. Here, we adopt an average of the
obtained results through 100 times of learning. After the
first 50,000 training iterations (only odd digits are trained),
we used only odd digits in the testing data to calculate the
recognition ratio. Figure 12 shows that when new classes
are introduced into the system (e.g., from the 50,001st
training iteration, even digits are input into the system for
training), the necessary teacher vectors increase drastically.
Figure 13 shows that when new classes are input to the
system, the recognition ratio decreases (we now use all
digits in the testing dataset to calculate the recognition

50

45
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35
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20

Labeled Set Size

15

10
0

Steps x 10

Fig. 12 For Optdigits, new classes are added incrementally to the
system. This figure shows the relationship between training iterations
and the queried amount of teacher vectors

95

90 1 7

85 7

Accuracy

75
Steps
Fig. 13 For Optdigits, new classes are added incrementally to the

system. This figure shows the relationship between training iterations
and the recognition ratio

ratio). The system judges that unknown classes are in the
input data. Following the learning process, the system
automatically determines how many teacher vectors are
necessary to learn the new classes. During the incremented
50,000 learning iterations, the recognition ratio is increased
because, following the learning process, the proposed
method can increasingly approximate the input distribution
better. The learned knowledge of odd digits is preserved;
such knowledge is useful to classify testing samples from
odd digits. Results show that, under an incremental learn-
ing environment (there exists concept drift), the proposed
method can maintain a good recognition ratio, and other
semi-supervised active learning methods are not suitable
for this task.

5.2.3 Online incremental learning with facial images

In this experiment, we incrementally train images of 10
people one by one by using online facial images taken from
a fixed video camera. Facial images are taken at 30 frames
per second. As a pre-process for the raw video images, we
transform the color images to 256 gray-scale images and
then resample the images to 20 x 26 pixel images
(Fig. 14). Such images are used as input vectors (520
dimensional vectors).

During the experiment, the candidates progressively
change the direction they are facing (Fig. 15). For every
person, 3,000 frames are used as training data; the other
700 frames are used as testing data. The parameters used
in this experiment are A = 2,000, age,.x = 200, and
o = 1.0. After every 2,000 training iterations, the system
queries for a label of teacher nodes according to Algo-
rithm 6. The results (average of 100 times learning) are
presented in Fig. 16: the upper figure depicts the required
number of teacher vectors; the lower figure portrays the
recognition accuracy. The lower figure also shows that
when unknown faces appear, the recognition accuracy is
very low. The system cannot recognize such unknown
faces. After learning the unknown faces, the recognition
accuracy becomes normal: The system learns unknown
faces very well and retains knowledge of the learned
faces, i.e., it can realize the incremental online learning
very well. After 30,000 training iterations, the required
number of nodes is 290; the required number of teacher
vectors is 89. Use of the complete storage method
requires storage of all 30,000 input data, and the proposed
method uses only 1/100 of the memory and calculation of
the complete storage method.

Results of this experiment show that, by using complicated
high-dimensional real-world data, the proposed method is
able to achieve incremental online semi-supervised active
learning with good recognition accuracy and a good
compression ratio.
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Fig. 14 Facial images of 10 people

Fig. 15 Facial images used for experiments. The facial orientation changes gradually

5.3 Comparison to other methods

In this experiment, we compare the proposed method with
support vector machine (SVM) [28], original SOINN [19],
growing neural gas (GNG) [29], and semi-supervised GNG
(SSGNG) [4]. For the input dataset, we perform the same
pre-process for the ORL face database as in [4]: The
original 92 x 112 images are reduced to 46 x 56 images,
and then Principal Component Analysis (PCA) was applied
to all the images to reduce the number of dimensions from
2,576 to 60 (corresponding to 86.65% of the total vari-
ance). There are 40 subjects and 10 different frontal images
for each subject in the ORL face database. In this experi-
ment, the ORL dataset is randomly partitioned to have six
training images and four testing images for each subject.

@ Springer

The training dataset is then randomly partitioned to have a
varying number of labeled images, from three, two to one
for each subject to see the effect of different amount of
labeled and unlabeled data on SVM, SOINN, GNG,
SSGNG, and S-SOINN algorithms. For A-SOINN algo-
rithm, the system will actively query the labeled images.
As in [4], the classification accuracy is measured by how
many data points or images from the test set are correctly
assigned to their true classes. To determine which class
would be assigned to the presented testing sample, the
Euclidean distance between the data and each weight in the
network is measured. The node with the weight vector
having the shortest distance is the winning node and the
testing sample is assigned to the class of that particular
node. The assigned classes of the test set are then compared
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Fig. 16 Learning results of facial images. The vertical axis of the
upper figure denotes the queried amount of teacher vectors. The vertical
axis of the lower figure shows the recognition accuracy. Horizontal
axes of both figures show the training iterations. For every 2,000
training iterations, the system queries for the label of teacher nodes

to their original classes to determine the classification
accuracy. The parameters for GNG and SSGNG algo-
rithms are chosen on a trial-and-error basis as described
in [4]: A=300, ap.x =100, ¢, =02, e, = 0.000,
o = 0.5, f = 0.995. The growth of the GNG network was
stopped when the network size reached 120 nodes. For
SOINN and the proposed method, the parameters are set
as A =25, agemax = 25, o =2.0. For SVM, Matlab
library LIBSVM [28] is used to train the SVM classifier
and Gaussian Kernel is adopted. Even if there are six
training samples for every subject, only labeled samples
are used to train SVM, then four testing images are used
to test the classification accuracy of SVM. Table 4 rep-
resents the experimental results.

Table 4 Classification rates on the test set for the ORL face database

In Table 4, L denotes training with labeled data only,
while L 4+ U denotes training with labeled and unlabeled
data. S-SOINN means semi-supervised SOINN; Algorithm
5 is adopted for S-SOINN. A-SOINN means active learn-
ing SOINN; Algorithm 7 is adopted for A-SOINN. The
results for GNG, SSGNG, SOINN, S-SOINN, and A-SOINN
are the average percentages of the classification per-
formance over 10 independent experiments. For GNG and
SSGNG, the total number of nodes is predetermined as
120. For SOINN, S-SOINN and A-SOINN, the total
number of nodes is automatically generated. In this
experiment, the generated nodes for SOINN, S-SOINN,
and A-SOINN are 120 + 6. For SVM, GNG, and SOINN,
there are no unlabeled data as inputs. For SSGNG and
S-SOINN, labeled and unlabeled data are used as inputs,
and labeled data are predetermined. For A-SOINN, all
training data are used as unlabeled data to train the
A-SOINN system, and A-SOINN actively queries the label
of some generated nodes. The number of queried nodes
(average L per subject) is listed in column 8 of Table 4.

For SVM, GNG, and SOINN, only labeled data are
adopted for training, the classification performance is
less than SSGNG, S-SOINN, and A-SOINN. SSGNG is a
semi-supervised version of GNG, it works better than
GNG. S-SOINN (Algorithm 5) is a semi-supervised ver-
sion of SOINN, with the help of unlabeled data, S-SOINN
also works better than SOINN. For A-SOINN, it actively
queries the labeled data. With nearly the same amount of
labeled data, A-SOINN works better than S-SOINN, it
shows the efficiency of active learning. Also, compared
with the previous study on SSGNG, the proposed S-SOINN
and A-SOINN perform better.

From the experiment results, we can conclude that the
use of unlabeled data in SSGNG and S-SOINN markedly
improves the performance of the classifier. Actively que-
ried labeled data in A-SOINN are able to perform better
than randomly queried labeled data.

6 Conclusion

This paper presented an online incremental semi-super-
vised active learning method based on SOINN. The

Data size Classification accuracy
L U L only L + U A-SOINN
SVM (%) GNG (%) SOINN (%) SSGNG (%) S-SOINN (%) Queried L Accuracy (%)
3 3 84.13 82.47 83.34 84.88 84.95 32 85.12
2 1 79.38 76.82 76.78 80.44 81.23 2.1 81.46
5 67.75 65.97 67.12 69.00 69.33 1.1 70.10
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proposed method improves two-layer SOINN to single-
layer SOINN to represent the topological structure of input
data, separates the generated nodes into different groups
and subclusters, actively labels some teacher nodes, and
uses such teacher nodes to label all unlabeled nodes. The
benefits of the proposed method are that it requires no prior
knowledge such as the number of nodes or number of
classes; consequently, it can automatically learn the num-
ber of nodes and teacher vectors needed to accomplish
current tasks. Most important, it can realize online incre-
mental learning, and even life-long learning, which is
impossible for some other semi-supervised active learning
methods. The proposed method can also alleviate the
influence of noise. The experimental results verify that the
proposed method works both effectively and efficiently.

Some problems remain unresolved. For example, 1
determines when the online learning starts clustering,
separating subclusters, and grouping over-separated sub-
clusters. In addition, o influences the grouping of subcl-
usters. Such parameters depend heavily on the real
environment. For this study, we let the user determine the
parameters and gave no theoretical standard for determin-
ing such parameters. Future studies will be designed to
solve this problem.
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