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An Online Semi-supervised Active Learning Algorithm with
Self-organimg Incremental Neural Network

Shen Furao, Keisuke Sakurai, Youki Kamiya, Osamu Hasegawa

Abstact — An online semi-supervised active learning algo-
rithm is proposed, which is based on self-organizing incremental
neural network (SOINN). The proposed method do not need any
priori knowledge such as number of nodes or number of classes;
it can automatically learn number of nodes and teacher vectors
needed by the current task; It can realize online incremental
learning even life-long learning. The experiments for artificial
data and real world data show that the proposed method works
efficiently.

1. INTRODUCTION

In general, to obtain good learning results, we need lots
of labeled training cbjects for supervised learning. However,
the acquisiticn of labeled training data is costly and time
consuming, whereas unlabeled samples can be obtained
easily. T'or the reason that semi-supervised learning is able
to learn from both labeled and unlabeled samples, to reduce
the cost of labeling the input training data, semi-supervised
learning has been the focus of much research in the last few
years.

In practice. if we have te label a few instances for learning
process, it may be attractive te let the learning algorithm
tell us which instances to label, rather than selecting them
randomly. This learning method is called active learning. It
may make sense (o utilize active learning in conjunction with
semi-supervised learning. Recently, some semi-supervised
active learning methods such as Generative Model[9], Co-
Training[2], Transductive SVM (TSVM)[1], and GRITL1],
are proposed. Some expanded semi-supervised active learn-
ing methods for the above methods are shown in [7][12].

The above-mentioned methods belong to batch learning,
during the learning process, they need te use all the input
data. It means that, to realize the batch learning, we need to
store all the input data. But in the real-world environment,
there may be plenty of data. and it is probably impossible
for us to store all the input data. Therefore, it will be very
interesting if we can realize semi-supervised active learning
under the online environment.

As one of the efficient online learning methods, Shen and
Hasegawa [10] proposed a self-organizing incremental neural
network (SOINN). SOINN separates the data distribution
to different clusters by measuring the similarity (distance)
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between the data. SOINN is one of the unsupervised learning
method, without any priori condition (such as the distribution
of input data, number of classes, elc.), it can process non-
stationary data, separate clusters with very complex shape,
report suitable number of clusters, and represent topology
structure of the input data.

In this paper, we will expand SOINN to suit the online
semi-supervised active learning. During the extraction of
topology structure of the input data, we actively label some
suitable nodes (queried by the system), and use such nodes
to label all cther nodes in SOINN antomatically.

II. OvErvIEW O SOINN

SOINN is a combinaticn of self-crganizing map [4] and
competitive Hebbian learning [6] that can be used to learn
the topology structure of the input data. It generates nodes
to represent the typical data point of input data, and uses
edges to connect those nodes if the nodes satisfying the
Hebbian rule. SOINN can leamn the number of nodes needed
for topology representation of input data, and it suits the
online incremental leaming.

SOINN adopts two-layer network. The first-layer learns
the density distribution of the input data and uses nodes
and edges to represent the distribution. The second-layer
separates the clusters by detecting the low-density area of
input data. SOINN adopts the same learning algorithm for
first-layer and second-layer.

Iigure 1 shows the flowchart of the learning process of
SOINN.

When an input vector is given to SOINN, SOINN finds
the nearest node (winner) and second nearest node (second-
winner) of the input vector, then judges if the input vector
belongs to the same cluster of the winner or second winner
by using the criterion of similar threshold. In the first-layer
of SOINN. SOINN adaptively update the similar threshold
of every noede for the reason that the distribution of input
data is unknown. If node i has neighbor nodes, the similar
thresheld 75 is calculated by the maximum distance between
nede 4 and its neighbor nodes:

T; = max ||W; — W,|| (1
JEN;

Here, ; is the set of neighbor nodes of node i, W; is the
weight vector of node ¢. If node # has no neighbor nodes,
the similar threshold 7; is defined by the minimum distance
between nede ¢ and other nodes in the network.

T; = min

W, - W, (2)
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Here, N is the set of all nodes.

If the distance between the input vector and winner or
second-winner is greater than similar threshold of winner
or second-winner, the input vector will be inserted to the
network as a new node to represent the first node of a new
class. This insertion is called between-class insertion.

If the input vector is judged as belonging to the same
cluster of winner or second winner, update the weight vector
of winner and its neighbor nodes. We use 7 to mark the node
which is winner, and use M; to show the times for node i
to be winner. The change to the weight of winner AW, and
change to the weight AW of the neighbor node j(€ N;) of
¢ are defined by:

1
AW, = M(Ws - W) ©)

1
AW; = lOOMi(

Here, W, is the weight of the input vector.

If there are no edge existing between the winner and
second-winner, connect the winner and second-winner with
an edge, and set the ‘age’ of the edge be ‘0’, and increase
the age of all edges linked with winner by ‘1’. If the age
of one edge is greater than a predefined parameter age
remove that edge.

After A times learning, SOINN inserts new nodes in
the position where the accumulating error is very large. If
the insertion cannot lead to decreasing of error, cancel the
insertion. The insertion here is called within-class insertion.
Then SOINN finds the nodes whose neighbor is less than or
equal to 1, and delete such nodes for the supposition that
such nodes lie in low-density area.

In fact, because the similar threshold of first-layer of
SOINN is adaptively updated, the accumulation error will
not be high, thus the within-class insertion is hardly to be
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Fig. 2. Density distribution of overlapped classes

success. It means that the within-class insertion for first-layer
is not needed.

After LT times learning of first-layer, the learning results
will be used as the input for the second-layer. The second-
layer of SOINN uses the same learning algorithm as first-
layer.

III. THE PROPOSED METHOD

In this section, at first, we propose a new clustering
method that only adopts the first-layer of SOINN to realize
the same performance as the two-layer SOINN. After that,
we expand the unsupervised learning single-layer SOINN to
semi-supervised learning.

A. Single-layer SOINN for clustering

In the traditional SOINN, the first-layer learns the den-
sity distribution of input data and generates the topology
structure, and second-layer separates the low-density area to
realize clustering. However, for second-layer, if the learning
results of first-layer are changed, all learned results of
second-layer would be destroyed, and we need to re-train
the second-layer. It means that the second-layer of SOINN
is not suitable for online incremental learning process. If we
only adopts the first-layer, we also have the problem that
how to separate the overlapped clusters appropriately.

One feature of SOINN is it can represent the density
distribution of input data and generate nodes to represent
the topology structure of input data. Generally, in the high-
density area, plenty of nodes will be generated. Therefore, in
the high-density area, the distance between neighbor nodes
will be short. Here, we define the density D(i) of node 4
with

N 1
D) = T (5)
where
4 = Y ien, IWi — W] ©)

| V|
is the mean of the distance between node ¢ and its neigh-
bors. |V;| means the number of elements in the neighbor set
N;.
According to the definition of density, if the density of
input data is large, the density of the associated node will
also be large. We suppose that in the central part of a cluster,



Fig. 3. Clusters with overlpped area (with Quctuation)

the density of the input data is high, and in the overlapped
ared, the density of input data is low (T'igure 2). Thus those
nodes with high density lie in the central part, and those
nodes with lew density lie in overlapped area.

If one node # satisfy D(i) > D(§) for all j € N;, we call
node i the central nede. With the central node, we separate
the clusters obtained from single-layer SOINN to some small
subclusters.

Algorithm 3.1: Separate nodes to subclclusters

4. Tind all central nodes {¢;}" , with local maximum
density. give such nodes different class labels. Initialze
the set of labeled nodes Jg = {e; .

2. Tor all vnlabeled nodes, find the node ¢ with highest
density, i = argmax, ¢y . D).

3. [ind the node j with highest density in the neighbors
of node i, § = argmax; - n, D (k)
label nede ¢ with the label of node j. Update the labeled
data set Jg with Jg = Jg U {i}

4. If Jg = N, stop. Llse, go to Step2.

The density of nodes will be influenced by neise, and the
density distribution is net smeoth but fluctuated (Tigure 3).
Under this situation, Algorithm 3.1 will separate original data
to lots of small subclusters unnecessarily. Here, we try to
smooth the density distribution by grouping the separated
subclasses.

We use the density difference of central node to the
boundary of subclusters to realize grouping. Suppose node
a belongs to subcluster 4, node & belongs to subcluster f3,
if there is an edge (u,h) links node @ and h. we call the
edge (a,b) ‘boundary edge’ between subcluster 4 and D.
F'er example, in Figure 2, there is boundary edge lies in the
valley area A. We call the density in the valley ‘density of
boundary edge’:

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

Generally, there are many boundary edges lie between
subclusters, we call the boundary edge with highest density
‘maximum boundary edge’:

max

Dia. b 8
{a.b)Edsan (a.5) ®

Dap =

Here, F ay; is the set of boundary edges between subclus-
ters A and B.

We use the density of ‘maximum boundary edge’ to judge
if we need to group the subclusters. If D{ca)— Day < G
or D(ep) — Dap < G is satisfied, we say subcluster 4
and B beleng to a same group. Here, ¢ 4.¢pn is the central
nodes of subcluster A and I} respectively, G¢ is the group
thresheld of the cluster ' which 4 and I belong to:

— > D) - D) ©)

G =
=
Bl fcie

Here, E- is the edge set of cluster C'C|Ey;| is the number
of elements of Fev, and « is the smoothing parameter.

Algorithm 3.2: Grouping the subclusters

1. Tind the set of maximum boundary edges Jo =

{lag, b},

2. Randomly choose one {«,, b;) € J, suppose that node
r; belongs to subcluster A, and node b; belongs to
subcluster 73. If TII-A or ITI-A is satisfied, give all nodes

belong to 4 and B the same group label, and update
Ji = Je\{ (0, 0:)}
3. If Jo = @, stop. Llse, go to Step2.

(10)

With the Algorithm 3.1 and Algorithm 3.2, we only adjust
the clustering technique of SOINN withcut change of the
topology structure. and we can detect the overlapped area
and expand the improved SOINN to semi-supervised active
leamning.

B. Expand SOINN to semi-supervised active learning

SOINN is an unsupervised learning method. even it we
give label to input training data, SOINN will process such
data as unlabeled data. Now, we expand SOINN to process
labeled data. If a labeled vector with weight W, is input
to SOINN, we find the nearest node ¢ to the vector: ¢ =
argmingc y [|W; — W,||, and give node ¢ the same label of
the input vector. Like this way, if one node is directly labeled
with the label of an input vector, this node is called ‘teacher
node.

SOINN generates nodes and topology structure based on
the density of input data, and the data belong to the same
class will be allocated to a same cluster. With Algorithm 3.1,
we use the distribution of nodes within a cluster to detect
the overlapped area, and separate the cluster to different
subclusters. If the generated nodes belong to the same
subcluster, we give these nodes the same label. Therefore.
given teacher nodes, we label the unlabeled nedes with the
same label as the teacher node within the same subcluster. If
there are no teacher nodes in the subcluster, we can label the
unlabeled node with teacher nodes within the same group or
the same cluster.

Algorithm 3.3: Label the nodes with teacher nodes



1. Initialize the teacher node set N, , and initalize the
labeled node set with J;, = Ny.

2. Choose one node 1 € N\Jy.

3. Suppose Ng is the node set within same subcluster
as node i, if Ng N J, # &, find node I satisfies
[ = argmax;c .y, (i), goto Step 7.

4. Suppose N is the node set within same group as
node ¢, if Ng N .Jy, # @, find node I satisfies I =
ATEMAX ;- n,, Ay, (]}, g0 to Step 7.

5. Suppose N is the node set within same cluster as
node ¢, if NN Jy # @, find node [ satisfies I =
ATEMAX - n, Ay, (]}, g0 to Step 7.

6. Tor all nodes in Ng, give the nodes new class labels.
Update the labeled node set J;, = Jy U Ng, go te Step
8.

7. Tior all nodes in Ng, give the nedes the same label as
the teacher node [. Update the labeled node set .J;, =
Jy UNg.,

& If Jp =N, stop. Llse, go to Step2.

According to this algorithm, if we use teacher vector to
label some teacher nodes generated by SOINN, we can label
all unlabeled nodes of SOINN, i.e., SOINN is expanded to
suit semi-supervised learning task.

Also, if the central node is a teacher node, all other teacher
nodes within the same subcluster have no influence for the
labeling for unlabeled nodes. Thus we only need to set the
central node as teacher node and it is encugh for labeling
task. I'rom the single-layer SOINN we also know that, the
neighbor nodes may have different labels, and we call such
nodes ‘boundary node.” If we want to realize high precision
learning, we set the boundary nodes as teacher nodes and
ask for their label.

Algorithm 3.4: Actively query for class label

1. Suppose the cluster set without teacher nodes is A¢r =
{Cyie,, if Ae # @, find cluster € with ¢ =
argmax, . 4. [N/, and find node ¢ with highest density
in cluster C:¢ = argmax;. y,, D(i). go to Step5.

2. Suppose the group set without teacher node is Ay =
{G}x,, if Ag # @, find group ¢ with ¢ =
argmax, . 4 . [N/, and find node ¢ with highest density
in group G ¢ = argmax;e n ., D(4), go to Steps.

3. Suppese the subcluster set without teacher node is
Ag = {S8;}¥_,, if As # &, find subcluster S with
S = argmax, 4. | .|, and find the node with highest
density in subcluster S: ¢ = argmax,;_y, D{i). go to
Step5.

4. Suppese the boundary nede set witheut teacher node is
Ny, if Ny = &, stop the learning without query. If
Ny £ @, randomly choose one ¢ € Ny;.

5. Ask for the output label of the weight vector W, of
node ¢, stop.

With the Algorithm 3.3 and Algorithm 3.4, we realized
the semi-supervised active learning.
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Tig. 5. Dxperiment results of artificial data vnder stationary environment.
Unlabeled nodes are labeled with dillerent marks, and ieacher nodes are
labeled with large marks.

IV. EXPERIMENT
A, Experiment with artificial data

In this experiment, we use artificial data as the input
vector to do the experiment. The data set is shown in figure
4. The data set is composed of two overlapped Gaussian
distributions, two concentric rings, and a sinusoidal curve.
We set the inside of the concentric rings and the lower
Gaussian distributicn as a same class, other distributions
belong to different classes, and there are totally 4 classes.
To simulate the real world data, we add 10% noise to the
data set.

In the first experiment, we do the experiment under
stationary environment, i.e., choose input vector randomly
from the data set. After 100,000 tdmes training, according
to Algorithm 3.4, the system asks for label of 10 teacher
nodes. The parameters of the proposed method are A = 500,
age, ... = 30, and rx = 2.0. The experiment results are shown
in figure 5.

I'rom Iigure 5 we know that, without influence of neise,
the proposed method can represent the distribution of input
data, and give suitable cluster labels to all nodes with only
10 labeled teacher nodes.

In the second experiment, we do the online learning under
nen-stationary environment, i.e., the input data of classes
are incrementally input to the system. The input vectors are
chosen from classes by every 50000 times with the order
that lower Gaussian distribution and inside concentric ring at
first, then higher Gaussian, then outside concentric ring, and
sinusoidal curve at last. The parameters are set as A = 250,
age =40, and & = 3.2.

max
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Tig. 6. Incremental leaming resulis ol artificial data. From wop (o down,
show the results alter 50000, 100000, 130000, and 200000 tmes training,

After every 50000 times training, Algorithm 3.4 asks for
the class label of some teacher nodes. Figure 6 gives the
results for every 50000 times training. If the data from new
classes coming to the syster, the systerm will generate nodes
to represent the new distribution, and ask for the label of
teacher nodes of such new input classes.

B. Experiment with real world dara

1} Compare to complete storage method: In this experi-
ment, we set the nodes generated by the proposed method as
protetypes for classification, and compare it with the nearest
neighbor method that storage all the training data. We use
recognition ratio and number of teacher vectors needed as
the comparison criterion. The data sets used for test are
chosen from UCI Repository database: Pima, WDBC, TIris,

TABLE I
PARAMETERS FOR DIFFERENT DATA SETS

| Pima  WDBC Iris  Opidigits
A | 1000 400 300 10000
A8 Lax 30 150 150 100
TABLL I
RECOGNITION RATIO COMPARISON
| Pima WDBC  Iiis  Opudigits
I-NN | 68.0 QLG 96.0 98.0
Proposed 694 G2.1 96.7 965
TABLE III
NEEDED TEACHER VECTORS COMPARISON
| Pima WDBC  Iris  Opudigits
I-NN | 767 368 149 3823
Proposed | 78.9 34.2 14.2 1474

and Optdigits [8]. We test Pima, WDBC, Iris data sets by
leave-one-out technique. T'or Optdigits, we do 100 times
testing and take the average as the result. Ior such data sets,
the parameters are set as in Tablel. For Pima, WDBC, and
Tris, after 100000 times training of single-layer SOINN, the
system asks for label of teacher nodes with Algorithm 3.4.
T'or Optdigits, after 200000 times training. the system asks
for label of teacher nodes.

The classification results are shown in Tablell and III
According to Tablell. the propesed methed can get nearly
the same reccgnition ratio as complete sterage method (near-
est neighbor classifier). According to Tablelll, the needed
teacher vectors for the proposed method is much less than
the complete storage method. It means that, compared with
nearest neighbor method, the proposed methed needs much
less teacher vectors and obtain the same recognition ratio.

In [5], the comparison experiments are realized for TSVM,
GRI, and Logistic GRIY The best results of such methods are:
for Pima, with 70 teacher vectors to get nearly 72% recog-
nition ratie; and for WDBC, with 30 teacher vectors to get
95.5% recognition ratio. Bven the recognition ratio is a little
less than the above-mentioned results, the proposed method
can realize online learning and new classes can incremently
add to the system during the learning process {incremental
learning), and this property is a much better predominance
for cther semi-supervised active learning methods.

2} Efficiency of active learning: In this experiment, we
use Optdigits to test the efficiency of Algorithm 3.4. We
compare the results of actively query the teacher nodes and
randomly query the teacher nodes. After 200000 times train-
ing, we actively query teacher nodes according to Algorithm
3.4 and report the results. Then we randomly choose teacher
nodes and report the results. We use same parameter for both
experiments: A = 10000,age, .. = 100.c = 1.0. We do
100 tmes test and take the average as the last results, as
shown in [igure 7. With less teacher vectors, active queries
cbtain much higher recognition ratio than random queries.
T'ollowing the increasing of teacher vectors, the recognition
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ratio of active queries is increased much faster than random
queries.

3) Experiment for incremental learning: In this experi-
ment, we use Optdigits to test the incremental learning: new
classes are added to the system during the online learning
process.

The input data changes in order of odd digits, even digits,
and all digits for every input 50000 times. After every 10000
times learning. system query for labels of teacher nodes. The
parameters are set as A = 10000, age,,... = 100, a = 1.0.
[igure § and Tfigure 9 show the results. Figure8 shows that,
the needed teacher vectors increase drastically when new
classes coming to the system. Figure 9 shows that, when
new classes are input to the system, the recognition ratio
will be decreased, but following the learning process, the
recognition ratic will be satisfied.

V. CONCLUSION

In this paper, we proposed an online semi-supervised
active leaming method, which is expanded from SOINN.
We do not need any priori knowledge such as number of
nodes or number of classes for the propesed method. It can
automatically learn number of nodes and teacher vectors
needed by current tasks. It can realize online incremental
learning even life-long learning which is impessible for
some other semi-supervised learning methods. The proposed
method also can get rid of the influence of noise. According
to the experiments, the proposed method works efficiently.
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