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Abstract ,

This approach presents a possible solution to the stability-plasticity dilemma in

incremental neural networks with a local insertion criterion. The main advantages are i)

the capability of life-long learning, i.e., learning throughout the entire lifetime of a neural

network, ii) stability in a stationary environment and iii) plasticity in a non-stationary

environment, but only if the current knowlege does not fit the need of the task.

Thus, the network structures its internal representation not like a copy of the environment

but in order to fulfill the current task.
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1 Introduction

Learning is one of the main issues of artificial neural network design. It describes a
mechanism by which a system obtains a representation of its environment. Recent
research addresses the topic of on-line learning, incremental learning and life-long
learning, which all discuss the same problem but emphasize different aspects. The
necessity for on-line learning, in which the couplings of the network are updated after the
presentation of each example, arises if not all training patterns are available all the time
(Freeman and Saad, 1997; Heskes and Kappen, 1993). Most publications referring to on-
line learning focus on the role of the learning rule and the convergence of the learning
process, but stop learning when a performance criterion is reached. For systems, like
robots, which are faced with patterns during their entire lifetime, studying on-line learning
in contexts such as a changing environment (Heskes and Kappen, 1993) encounters the
problems of stability and plasticity. Incremental learning addresses the ability of
repeatedly training a network with new data, without destroying the old prototype pattern.
Life-long learning, or also called continuous learning, emphasizes learning throughout the
entire life-time and has to cope with changing environments and overlapping decision
areas. It is not sufficient to only follow a non-stationary input distribution like (Fritzke,
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1997), life-long learning has to solve the stability-plasticity dilemma, which demands the
adaption to new patterns and the preservation of old patterns.

Networks with a local or distributed representation of knowledge appear to be good
candidates for life-long learning scenarios. One type of a local representation of
knowledge utilized in recent literature of on-line learning are RBF’s (Freeman and Saad,
1997) or similar networks (Gaussier and Zrehen, 1994). Nevertheless, they have a fixed
number of nodes which has to be determined by the designer.

Incremental networks have the advantage that the number of nodes is also a result of
learning by doing. The most important question in life-long learning incremental networks
concerns the rule of insertion. ART networks, like FAM (Carpenter et al., 1992) insert
new nodes based on a similarity measure. Other families of incremental networks use an
error measure to insert new nodes. They can be subdivided into local error based insertion
rules like Growing Cell Structures (GCS) (Fritzke, 1994), Growing Neural Gas (GNG)
(Fritzke, 1995), Dynamic Cell Structures (DCS) (Bruske and Sommer, 1995) and global
error based insertion rules like Cascade-Correlation (Fahlman and Lebiere, 1989).
Inserting new nodes solely depending on the similarity of the input pattern leads to a
purely sensor-based representation, which does not reflect the requirements of further
processing stages. In contrast, an error-based insertion adapts the representation depending
on the task and therefore leads to a task-based representation (Hamker and Gross, 1997).
Compared to a global insertion criterion, a local criterion has the important advantage that
insertion can be controlled locally. Summarizing, incremental networks with a local error
based insertion rule are optimal candidates for life-long learning — but only if the insertion
of new nodes can be managed properly.

2 General approach

On the one hand, incremental networks are not allowed to grow permanently. On the other
hand, growing is an important feature to decrease the error of the net for the task and to
adapt to changing environments. According to Grossberg (Grossberg, 1988) a switching-
off of plasticity is a problem in nonstationary environments. But for the type of
incremental networks with a local error based insertion rule, like GCS, GNG and DCS, an
error-based learning of the insertion parameters is proposed to dynamically and locally
control the stability and plasticity in the network. For this reason, each node not only owns
an averaged longterm error counter, it is also equipped with an insertion threshold and an
averaged longterm error counter at the moment of the last insertion (insertion error). The
learning of the insertion parameter can be explained by an insertion evaluation cycle
(Figure 1). By adaptation of an insertion threshold based on the evaluation of previous
insertions, the network learns locally when it is useful to insert further nodes or to stop
insertion.

The definition of the error counters as averaged error counters similar to (Ahrns et al.,
1995) leads to an error measure that is independent of the input probability density in
contrast to the error measure in (Fritzke, 1994; Fritzke, 1995; Bruske and Sommer, 1995).
It has the advantage that the error is independent of the input probability density, which is
important for life-long learning.
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Fig. 1. Insertion evaluation cycle. The average long time error 7, of the task is compared to the error at the
moment of the last insertion 7, If this error is greater or equal, the insertion was not successful and the
insertion threshold 7, is increased. If the threshold reaches the average long time error, a further insertion at
that location is not possible. To permit exploration in the future, the threshold can be decreased with a large
time constant.

Another aspect concerns the adaptivity of the nodes. In (Ahrns et al., 1995), an error-
modulated Kohonen type learning rule was used to achieve a uniform approximation error
independent of the input probability density. Here, the modulation depends on the ratio of
the average long time error and the average short time error and aims at reducing
fluctuations when the input probability does not change any more. This means a node
learns more, if the input probability changes and new errors occur.

Furthermore, a deletion criterion is introduced to remove redundant nodes. Candidates for
deletion are located nearby in the input space and are responsible for similar outputs. For
tasks with real-time demands the deletion criterion allows to restrict the number of nodes
to an upper bound: By a simultaneous insertion of a new node and the deletion of the
“worst” node, the nodes of the network are optimally fitted for static as well as for
changing environments.

Interestingly, learning and insertion in the Life-long Learning Growing Neural Gas
(LLGNG) shows similarities to the reward-based control of the plasticity of activated
Hebbian synapses in biology. While the reward is usually delayed, the ratio of the average
long time error and the average short time error reflects very well changes of the expected
error i.e., the average long time error. Similarly, the insertion of new nodes depends on the
difference between the predicted error, i.e., the insertion threshold and the actual error, i.e.
the average long time error. The basic rule of learning behind learning and insertion in the
LLGNG is that 'organisms only learn when events violate their expectations', previously
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assumed by (Rescorla and Wagner, 1972).

The method, how an error measure is derived from the task, is not essential for the basic
structure of the algorithm. In case of error-feedback, which is addressed as an example
here, the error can be determined by an inter-module supervision or an external teacher
and the output weights can be adapted according to the delta rule, as in (Fritzke, 1994). In
case of reinforcement learning, which is most interesting for autonomous agents, the error
can be determined by the interaction with the world.

3 Description of the basic algorithm

Although the previous statements are valid for all incremental networks with a local error-
based insertion rule, the algorithm of the LLGNG draws its origin from the GNG (Fritzke,
1995) as well as the rather similar but independently developed DCS (Bruske and
Sommer, 1995). This choice is underlined by the good results of the GNG in a benchmark
on FAM, GCS and GNG in comparison to a MLP (Heinke and Hamker, 1998).
Modifications in comparison to the GNG concern the local counters of each node (Figure
2), the control of learning and insertion, and an explicit deletion criterion, which allows to
steer the density of the nodes considering their output-weight similarity. The network
consists of two layers. The input determines the representation layer, which is followed by
an output or task layer. The representation layer is described by a graph G, in which the
- set of neighbors N, of a node i is defined by all nodes who share an edge with the node .
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Fig. 2. Node of the life-long GNG. Besides the width of the Gaussian each nodes owns a longtern error
counter 7;, a shortterm error counter g, the inherited error at the moment of insertion 7, an insertion
threshold 7,, and the youth of the node Y, which decreases exponentially with the time constant T, from one
to zero when the node was best matching. Despite the inherited error, which remains fixed until the node is
selected for insertion again, the error counters are defined as moving averages with their individual time
constant.

Adaptation of the representation layer

+ For all nodes i, calculate the Euclidian distance d, of the input x to the weight vector w,
and locate the best matching unit 5 and the second best s (equal to (Fritzke, 1995 )):

d, - ,-néi?; (d,); d, - ;EmGif,!,gb(di) 5 d, . Ix-w|i VieG

» Calculate the activation of all nodes y, with a Gaussian function (Fritzke, 1994)):
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« Determine the quality measure for learning B of the best node b and its neighbors ceN,:

Bl T seoiey” 1
Tl vy

L)’

VceN,

« Determine the input learning rate n’ of the best node and its neighbors from the quality
measure B, the youth Y, the learning rate of the winner 1, and the nelghbors 1, and the
input adaptation threshold 9',:

0 if o i< 0 L
i By

i - i
Ny - Nom ' Con>1 LY ) S | VceN,

T Toew

i <0,
@ wrey M (bimy else

and allow a minimal learning rate of the input weights determined by #,,:

F i i
Moy = MAX(N 30500 M arc)) 5 Ny = Ny (- Yoy O VceN,
* Increase matching for b and its neighbors ceN, (similar to (Fritzke, 1995)):
Aw, . n:(x- w,)

Aw . n;'(x-wc) VceN,

c

Insertion and deletion of nodes in the representation layer

After A-ny steps:
o Determine the quality measure for insertion B’ considering the insertion tolerance 7,
1
VieG

B, - 1yt (100,)

+ Find node g and its neighbor f for insertion, if the following criterion is fulfilled:

max
0<XK,,-icG(K,,): B/ -ieN(B); K,, -B' Y, VieG

ins,q ins,j i

If g and fexist:

» Delete the edge between ¢q and f, insert a new node , and connect » with g and f. The
weights w,, w,” and the counters tg, t,,, T, and t, are determined by the
arithmetical average of the weights and error counters of g and f.

» If

T

> T (-0 vie{q,fir}

the last insertion was not successful. Thus, adapt the moving insertion threshold:

Toi = Tor My (5y,- Ty, (1-0,) Vie{klt,,» v, (1-9,.).q.5r}
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» Determine the new inherited error t, of ¢ and f:
T i Vie{q.f,r}

TR
* Check the deletion criteria considering a minimal age ¥ ,,, and find node d, whose
criterion K is lower than the deletion threshold #,,,:

min
Bst > Kua - ieG(Ky)) AINg=2 A Y, <0y

with

Aw,
deli = T =
/4

t

K Aw™ VieG

the local similarity of the input weights:
— 1

Aw, . —— fw.-w|

Ny ,EEN, * 8

the average similarity of the input weights:

and the local similarity of the output weights:

Aw,.m” . 'LZ uwia-r_wjoml
HN," JeN,

Adaptation of the output layer
* In case of the error-driven example discussed here, determine the squared error.

E(®) i+ Esguarea(x) - 10 ol

+ Determine the local output learning rates from the quality measure B, the youth Y, the
output adaptation rate n, and the output adaptation threshold #7;:

0o if a;<0 "
N, -y n, if a1 o] . —— . ¥, -1 VieG
. 1.0
a;-n, else
o Adapt the weights of the nodes j of the output layer:
Aw, - nf((].-oj)y, i Vje{l.m}, VieG

Adaptation of the counters and edges of nodes in the representation layer

 Adapt the long time error counter 7, and the short time error counter 7z for the winner
b with the time constant T and the error of the task:
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¢ Decrease the youth Y of the best node b:
1
Y, w0 ox,
e Compared to (Hamker and Gross, 1997) an advanced criterion for the decrease of the

insertion threshold 7, is presented. It takes the changes of the errors into account and
reduces the insertion threshold only, if the distribution of the data changes:

T,

T & (1 2 A(ab))-e St if A(e,)>0

1.1, 1] o i x<0

gy ——— 15 A@® - {1 F xr1
1.9, x else

» Adapt the edges as follows (equal to (Fritzke, 1995)):

» Increase all edges emanating from b by one.

» Set the age of the edge between b and s to zero. If no edge between b and s exists,
create a new one.

> Remove all edges older than ¥ .

» Remove all nodes without an edge.

4 Results

For a demonstration of the above ideas, we previously performed simulations of life-long
error-feedback learning on an open data set containing overlaps but without changes in the
environment. Results presented in (Hamker, Gross, 1997) showed that the network
stabilizes and although due to overlapping classes a permanent error occurs, no further
insertion takes place. Furthermore, it was shown that in case of a changing environment,
the network structure remains adaptive to insert new nodes and to change the weights.
Here, we will focus on the internal dynamics of the algorithm in a changing environment.
Mathematically speaking, a changing environment corresponds to a time-dependent input
probability (Heskes and Kappen, 1993). For illustration purposes the 2D artificial data set
in Figure 3 is chosen.

Figure 4 shows the behavior of the algorithm. In the first 20000 steps the input contains
two awfully overlapping classes which cause a high error (b). Nevertheless after 20000
steps, the algorithm has learned by increasing its insertion threshold (c) that a further
insertion does not improve the squared error and stabilizes, as can be seen in (d), and the
amount of nodes. Now the environment changes, new errors occur and the algorithm tries
to minimize them by changing its weights and inserting new nodes. Although the
environment gets much easier, there is still an unsolvable overlapping between the ellipse
and the line that would cause a further insertion of nodes. By increasing the insertion
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Class Region Environment (probability)

" 5 " 1 2 3 4
A 1 Rectangle 1 1 0 1

B 1 Line 1 1 1 0

C 2 Ellipse 0 1 1 1

DE D 3 Circle 1 0 0 0

E 2 Circle 1 1 1 0

Fig. 3. Changing environment based on five areas (A-E). The environment changes from 1-6 after
every 20000 steps. The two regions D and E are completely overlapped and the class 1 of the line
has an overlap with class 2 of the ellipse. The used parameters are n, = 0.1; n,, = 0.01; y, = 0.15;
1,=0.5Tg=20; T,= T,= T,=100; A = 10; 0, = 50; &', = 0.05; 8°, =-0.05; 8,,=0.1; 0, =
0.05; ¥4,y = 0.01.

threshold (c) of the relevant nodes, the algorithm learns to stop insertion in the
overlapping areas. At least after 40000 steps it has adopted to the environment that no
further learning is needed (d). If the probability changes in some regions to zero, like in
the environment from 40000 to 60000 steps, those remaining nodes, often called “dead
nodes”, play a major role in life-long learning. They are in no way “dead nodes”, instead
they preserve the knowledge of previous situations for future decisions. If the old
prototype patterns were removed, the knowledge would be lost and the same, already
learned situations will again cause errors. Due to a further insertion at the overlapping,
still a bit learning takes place (d). In the environment from 60000 to 80000 steps, most of
the neurons remain at their positions. Since the environment shows no overlappings the
error dereases to zero.

Sumarizing, the algorithm is able to cope with all life-long learning scenarios, like
overlaps, never seen inputs and temporarily not appearing inputs.

5 Conclusion

A life-long learning incremental neural network was presented to coordinate insertion and
learning. On an abstract level, it demonstrates a biologically feasible selective
modification of plasticity induced by a “global teacher” signal.

The experiments show that the network can learn to stop insertion in regions where the
error can not be decreased. Furthermore, in changing environments the network remains
stable for old prototype patterns and adaptive for new or different patterns. The neural
network neither freezes by any decaying parameters nor switches between different
learning modes, instead it is able to learn continuously by evaluating its own insertions.
The results obtained indicate a good performance and are a promising step towards life-
long learning in neural networks. A performance evaluation on real data shows (Hamker,
1998).
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Fig 4. From left to right: internal parameters of every node before changing the environment
(20000 steps). From the top to the bottom the: a) input weights, b) longterm error 7, c) insertion
threshold 7, d) learning parameter o', the amount of nodes, and the errors are shown.
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