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Overcome Neural Limitations for 1.1 Uncertain Network Predictions
Real World Applications One problem with system identification tasks es-

by providing Confidence Values for pecially with neural networks is, that most systems
Network Prediction produce an output to a given input pattern regard-
less whether they have seen data from the current

input space area or not. If the system has seen data
Michael Tagscherdr Lars Kindermanh from this input space area its prediction should be
sufficient. However, if the system has not seen any
training patterns from this input space sector or the
*EFORWISS - Bavarian Research Center for ~ S€EN patterns are quite different the generalization,
of the neural net and thus its prediction might not
be correct. However, for an operator of an indus-
trial process the confidence of the learning system
output values is very important. In case of less
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. ) o careful. Thus the identification system should ad-
Chemnitz University of Technology, ditionally produce a confidence value to its predic-
Dept. of Electrical Engineering and Information  tjons.
Technology,
Institute of Automation, 09107 Chemnitz, Germany 1.2 Industrial Processes and Continuous
peter.protzel@e-technik.tu-chemnitz.de Learning

Due to the time variance of most industrial pro-
Abstract cesses, system identification, e.g. with neural net-

works has to be done continuously throughout the
In this paper we present an incremental construction dife-time of the process. We refer to this @sntin-
gorithm for continuous learning tasks and one of itslous learning. One of the main problems of con-
special features - simultaneous learning of the targéinuous learning tasks is the stability-plasticity di-
function and a confidence value for the system predidemma. While the system should be able to follow
tions. The basis of the hybrid system is a radial basighanges of the time-varying function as quickly
function (RBF) network layer. The second layer conand accurately as possible (i.e. optimal plasticity),
sists of local models. The two layers are closely compreviously acquired information should not be
bined with a strong interaction. The number of RBF-forgotten” (i.e. stability) [2]. In this case, the pop-
neurons and the number of local models have not to Bgar multi-layer perceptrons (MLPs) are not suit-
determined in advance. This is one of the main advar@d. Due to their global activation functions, global
tages of the algorithm. Another advantage emphasizédformation can be forgotten while presenting and
in this paper is the ability to learn the training data dislearning local information. Like mentioned above,
tribution simultaneously to the learning of the targeMLPs always produce an output to a given input
function. The learned data set distribution can be usgeattern whether they have seen data in this input
as a confidence value for a given network predictionspace sector or not. No confidence value to their
The development of the described approach is embe@trrent output can be expected.

ded in a larger project that is primarily concerned with

system identification tasks for industrial control such aég}g?tgséiggﬁ:]%%g?] l(ségg)s ié?\?vzcl)l;ig(}??]nllt\i’)teé%l ra-
steel processing . y

because they are much faster trainable, RBF-net-
. works are in many cases a better choice than
1. Introduction MLPs. Nevertheless, some difficulties have to be
o _ _ ._resolved when using RBF-networks, e.g. the opti-
The approximation of_nonllnear and time-variant, topology, the right placement of each neuron
functions are the main requirements for systerynq the extension of each receptive field. RBF-
identification tasks for industrial control such as,etworks which approximate the target function
steel processing [1]. While nonlinear function apyyith the localized units have similar problems like

proximation is a well-known application for neu- . ps to produce a confidence value.
ral networks, the approximation of nonlinear func-

tions that Cha_nge over time poses many addltlonf@.l A detailed description and more information can be found at our
problems which are the focus of our current re- NiPs ‘98Continuous LearingVorkshop pagehttp://
search. www.forwiss.uni-erlangen.de/aknn/cont-learn/




Instead of using localized units, another approado decide if new RBF-neurons are needed and the
is to use a certain number of localized modelanodel layer uses the RBF-neurons as the base for
Each model is valid for a different region of the in-its models. This strong interaction produces a use-
put-space. The main problem of these approaché@sd network output, that is already available during
is to find a good representation of the target functhe initial learning phase. This is very important
tion by different models, i.e. it is necessary to findor industrial applications, e.g. plants can be put
a useful clustering of the input-space. Thus, thato operation much faster.

quality of the approach depends on the quality of o _ _

the respective clustering method. Counterpropd-Ne combination of a strong interaction between
gation networks which use Kohonen networks fofhe different ICE-layers and the usage of more
clustering are an example for these kind of apthan one prototype (specialized RBF-Neurons, cf.
proaches [4][5]. One disadvantage of those sy4 Adaptive Hybrid Network) per model can re-
tems is the weak combination of the two differenult in a better representation of the past training
layers. First, the clustering must be nearly compatterns within each model. This makes a cluster-
pleted before useful models at the second layer cdg With less models possible. For an operator a
be adapted. Approaches like counterpropagatigiustering with less models is easier to survey and
networks produce no confidence value to theito handle. With regard to industrial control tasks,
current network output. Only the target function issuch as steel processing, a better acceptance of

approximated, not the data distribution. such systems can be expected. Another positive
effectis that no storage of the past training patterns

The discussed examples represent only a short aistheeded, because the prototypes are a representa-
nonexhaustive overview of different approachesion of the seen patterns.

and their characteristics with respect to continuous

learning and the calculation of confidence value2.4 Adaptive Hybrid Network

for network predictions. The main idea of the ICE-algorithm is that the in-
dividual modelscompetewith each other. In this

In the following section we will describe the Incre- . o :
mental Clustering and Evaluation (ICE) aIgo-Way they reduce their receptive fields in a mutual

rithm. The ICE-algorithm combines advantages ghteraction. A new model will be created if the

RBF networks and localized models to a hybri uality of the active model is not sufficient. The
system. ase of each model are specialized RBF-neu-

rons. In the following we call this neuromsoto-
. - types Specialized means that they have additional
2. ICE'Hyb“d System and Training properties, e.g. an offset parameter at the center.
Algorithm This parameter is used by the models as support-
ICE is an incremental construction algorithm of 4"9 Pillars. Like mentioned above, each ICE-mod-
hybrid system for continuous learning tasks [6]€! €an have more than one prototype, e.g. in the
The foundation of the hybrid system is a radial bac@S€ Of linear models a goal of the ICE-algorithm
sis function (RBF) network layer. The two tasks ofc@" Pe€ to createl prototypes per model where
this layer are to approximate the data distributiofs the input-space dimension.

and the clustering of the input space in combinarq injtia| |CE-network configuration starts from
tion with the second layer. The second layer CONs.ratch No prototypes and no models exist. The
sists of local models .WhiCh are used to approXig rototypes and the models, respectively, will be
mate the target function. Noteworthy is that th reated depending on the presented training pat-
number of RBF-neurons, the number of modelg, s 2nd the current stage of the hybrid system.
and the size of their receptive fields are detery ¢ ot prototype will be generated at the posi-

{nlned mcr(tetmenta'tal\ly dtlr‘]”ngéhe p{esen'[fezl'[(l:oErl .Oftthh on of the first input pattern. Because of no com-
raning patterns. Anotner advantage o IS NAeting models or competing prototypes respec-

the target function and the training data distribuﬁvely, the receptive field can bénfinite. The

tion can be learned simultaneously. prototype offset is set to the value of the first target
value. In the next step, this prototype, especially
2.3 New Aspects the combination of center and offset, is the base or

In contrast to methods like counterpropagationsupporting pillar of the first model (cf. Fig. 1a).
networks, the ICE-model layer and the RBF clus-

ter layer are closely combined. For example, thé/hile presenting new training patterns, new pro-
RBF-layer uses information from the model-layetotypes are created. The center and offset location
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Figure 1: (a) First prototype (with infinite . ; : .
receptive field) and the first model. (b) First model model S splitted and t_he receptive fields of
after presentation of the second training pattern. competing models are shrinked.
The model uses the two prototypes as supporting The borders of the models are determined by the
pillar. activations of their prototypes (cf. Fig. 2). In [6] a

are determined by the same procedure as for tfjaore detailed description of the algorithm is giv-
first pattern. If enough prototypes (e.g. in the cas&™
of linear models+1 prototypes are needed, wherq, the following section a short overview of

I is the input space dimension) are generated thgnieved one dimensional (1D), 2D and 11D re-

As long as the model quality is sufficient, the ac- .

tive prgtotype (prototyge wi}[/h highest activation)s' Experimental results

moves into the direction of the current trainingThe 1D and 2D experiments are done with nonlin-

pattern (in a similar way like Kohonen networks)ear noncontinuous functions with 10% noise. For
the high dimensional experiments 11D data from a

During the lifetime of the system or the training,project internal benchmark are used (cf. acknowl-
respectively, it can be necessary to extend the ne{dgement).

work with further models. The first step is the ex-
tension of the network with a nesompetingpro- 3.5 Uniform distributed data

totype. In the same way as described for the fir§h, the first experiment 200 noisy patterns of a 1D
prototype, the center and its offset are determineg|;nction are presented. Onbpenetwork adaption

The only difference is that the prototype receptiveten, is done after the presentation of each pattern.
fields of competing models have to be shrinked

mutually. The shrinking process is comparablén Fig. 3 it can be seen that even with noisy train-
with the Dynamic Decay Adjustment algorithming patterns a good approximation of the nonlinear
(DDA) [7]. At the center of competing ICE-proto- noncontinuous target function is found. Remark-
types (prototype of a competing model) an uppeable is that the training patterns gneesented only
limit activation is permitted. Using this criterion, once Prototypes are generated over the complete
all receptive fields can be determined in a straighhput space. This is because of the uniform distrib-
forward way. The shrinking of the receptive fielduted data selection in the interval from 0 to 100.
is followed by the adaptation of the new modelFurthermore it can be seen that the positioning of
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Figure 3: Approximation of a nonlinear
noncontinuous function with linear models. Result
after 200 randomly distributed training patterns
(10% noise). Remarkable: the training patterns are
presented only once.

the prototypes and the size of the receptive fields
depend on the model error or the nonlinearity of
the target function, respectively. Similar results
are achieved with 2D input space patterns. The tar-
get function is highly nonlinear and noncontinu-
ous (cf. Fig. 4a).In Fig. 4b the result after 2500
training patterns is given. To get a smoother cov-
erage, it is obvious that more amsthallerlinear
models are needed to fit the nonlinear target func-
tion. This can be controlled with a model accuracy
parameter, Fig. 4c shows the generated prototype
layer of the example in Fig. 4b. It can be seen that
in areas with strong nonlinearities, e.g. the hill in (c) Prototype layer

the right corner or the area of the noncontinuous

step, the input space resolution with different pro-Figure 4: In this example 2500 pattern of the
totypes is higher. Higher resolution means smalltarget function Fig. 4a are used for ICE training
receptive fields. Another 2D example is given in (10% noise, the training patterns gnesented only
Fig. 5. Here the same training patterns are used agnce. (b) shows the result with an upper limit of 24
in the experiment in Fig. 4. One difference is that generated models and a very high model accuracy.
the linear models are merged together. The mix-The resulting prototypes are shown in (c).

ture of the linear models is done in a very simpl§yithin the two intervals 0 to 45 and 70 to 100. In

way. It is the sum of all linear models weightedne interval 45 to 70 no training patterns are pre-
with their highest prototype activation at the cursented.

rent position. Obviously, there are a lot more ways

to do a mixture of the linear models Recall that the ICE-algorithm creates prototypes
In the presented experiments the training data h%ﬂ'yr '? rare?rllstI;Nher?r trna;lnlng gfrl]tanlts ﬁlr es??rt]?nd-
a uniform distribution. In the following section, ' N€r€1ore, in he€ currént experiment only withi
some results with nonuniform dataset distribution€® two intervals [0:45] and [70:100] prototypes

will be shown. are generated (cf. Fig. 6) and a good approxima-
tion of the target function is found. In areas where
3.6 Nonuniform data distribution no data was seen the activations of prototypes are

w. The prediction accuracy can be bad but does
t have to. The activations of the prototypes can

used to detect insecure areas where the predic-
tion of the system may fail.

In this paper a nonuniform data distribution mean?
that only data from certain areas of the input spa
are selected for the network training. The areas c
be connected or separated.

The following experiment uses the same 1D targe&dimilar results can be observed in the next 2D ex-
function as in the experiment in Fig. 3. Instead omple. In contrast to the example in Fig. 4 which
covering the complete input space intervatepresents an uniform data distribution, we present
([0:100]), now the training data is presented onlyraining patterns with a nonuniform data distribu-
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Figure 6: Approximation of a  nonlinear
noncontinuous function with linear models. In
contrast to the example in Fig. 3, training data is
presented only within the two intervals [0:45] and
[70:100].

ing phase. Remarkable is that the training patterns
are “presented only once”. No further training data
storage is necessary. Even with few training pat-
terns a good approximation of the target function
with the linear models is found. In further experi-
ments with up to 11-dimensional input-space pat-
terns, comparable results to the 1D- and 2D-exam-
(b) ples presented above are achieved. Comparable
_ , _ _ means that already after the first training pattern
Figure 5:  (a) ICE function (mixture of the linear ,qaq outputs are available. At this point it should
models, grayscaling corresponds to the prediction,q o cqjied that the linear models approximate the
error); (b) the receptive fields of the ICE-prototypes. target function anchot the RBF-Neurons. Com-
The training patterns are presented only once. pared to the method (special MLP approach) with
tion. The training patterns are selected from a rinthe smallest RMS error the RMS error of ICE was
around the center (dots in Fig. 7a). The surface aflightly higher. However the special MLP ap-
the learned function is shown in Fig. 7b. The surproach needs the first 20000 patterns for training
face grayscaling corresponds to the prediction efthe whole data set consists of 100000 data points).
ror (difference between the target value and thim contrast to that the ICE is able to predict useful
predicted value). In Fig. 7c it can be seen that theutput after the first pattern is presented. Further-
prototypes are arranged like a circle. The protomore ICE does not need multiple training data pre-
type ring corresponds to the training data distribusentations. Only one network adaption step is nec-
tion. essary with each training pattern.

From Fig. 7b and its view from above in Fig. 8ait4  conclusion
can be observed that in areas where training pat-
terns were presented (area around the white ring In this paper we have presented an incremental
Fig. 8a) the error is very low (dark areas aroundearning algorithm for classification and function
the white ring in Fig. 8a). In the other areas it couldapproximation problems. With the adaptive proto-
be higher. The correlation of the prediction errotypes the algorithm can be used directly for contin-
and the prototype activation is printed in Fig. 8b Ifuous learning tasks. One advantage of the ICE-al-
the activation is low the error can be very high, begorithm is that no network topology parameter has
cause no training patterns were seen. But if the ate be determined in advance, i.e. the network starts
tivation increases the error decreases. So the adtiom “scratch”. All parameters, e.g. the number of
vation of the prototypes can be used directly as @BF-neurons in the first layer of the hybrid system
confidence value for the ICE-output. The reason igr the number of localized models in the second
that the prototypes represent the training data ditayer, are adjusted autonomously based on the
tribution. training data presented. Another advantage of the
algorithm is the ability to learn the target function
In all 1D- and 2D-experiments useful network outand the training data distribution simultaneously.
puts are produced already during the initial learnThe prototype activations can be used directly as a



Figure 7: (a) Target function with 200 noisy
training pattern (dots). (b) ICE function (mixture of
the linear models; the grayscaling corresponds to
the prediction error). (c) ICE prototypes arranged as
a ring (confirm the shape of the training pattern
distribution in (a)).

(2]

3
confidence value of the network output, which is[ ]
increasingly important in real world applications
that strongly rely on the performance gained byy)
neural networks. Furthermore, useful network out-
puts are already available when the second pattern
is presented and during the whole initial learnings
phase. This is very important for industrial appli-
cations, e.g. plants can be put into operation much
faster.
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