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Abstrakt

This article deals with the topic of reflexion in the C++ programming language and the ways of its
implementation. We assume that the reader has the basic knowledge of the C++ and its object terminol ogy.

1. What isreflexion

Reflexion isthe ability of aprogramto seeitself. This meansthat from a class point of view, the classisable
to get information about its elements and parents and their types and exact possitionsin itself and about the
type of inheritance. Thisinformation should be easily available to the class and its methods, possibly as the
return values of well-known functions. This makes possible to create generic functions working on a broad
set of data, getting the exact information about the class from itself.

We work on a design of a theoretical computational model called ASP (for ASynchronous Parallel). This
model is an extension of Valliants's BSP model of paralel computation. It focus in on decribing the
asynchronouswork and communication of the computational system. We aim to create arealistic theoretical
model to be able—to some extent — predict the time complexity of algorithms on real-world computers and
clusters.

This is a theoretical foundation of our work on a unified, modular, agent-oriented framework [?] for
computations which enables to test our complexity estimates and validate them on real problems. The
following article deals with one building block of this system: the reflexion library which makes data
inspecting and transmissions possible with minimalizing the user assistence.

2. Existing implementations

2.1 RTTI

Specification: RTTI means run-time type information. It is composed of standard dynam c_cast and
t ypei d operators.

Pros: it iswide-spread standard.



Cons: its function is limited to class inheritance detection, the content of structures is invisible for this
method and so the RTTI is not sufficient for our needs.

2.2. Parsing sour ce code

Specification: Thoughthewantedinformationisavailableto the C++ compiler, it isnot usually exportedin
any form for the program. This approach uses special program which mimicsthefirst phases of C++
compiler’swork —lexical and syntactical analysis— and exportsthe result for the program. OpenC++
[?] isan example of such aprogram—it parsesthe C++ sourcesand storestheinformation in theform
of C++ objectslinked together with the inspected program to make it available.

Pros. the completeinformationis available.

Cons:. the parser complexity is high and the parser program has to be kept up-to-date as the C++ language
syntax slowly changes.

2.3. User-supplied data

Specification: the user isasked to write down all needed information manually. For example MPI usesthis
method for MPI derived types— hereit isthe user’s responsibility to provide the system with accurate
type information for each new type: the exact type and possition.

Pros: itisthe easiest for the programmer — all the responsibility is on the user.

Cons: this method is prone to user errors, though this works for small or not-too-much complicated data
types, it is not useful for large systems.

2.4. Avoiding reflexion at all

Specification: the metadatais not collected at all. Instead, virtual functions are used where the polymor-
phism of different data structuresis needed.

Pros: it solvesthe problem, if it is possible to use this method.

Cons: in many cases, thismethod is not possible at all, or it is only a hidden form of the previous case. For
exampleif we want to avoid the need of collecting metadatafor generic serialization routine, we may
design our system to call for each given data structure its respective virtual serialization routine. But
the problem ishow to write the serialization for composite objects— obviously by calling serialization
routines for all the components. Here we encounter similar problems as with the previous approach,
because the user has to manually write down information about the components.

3. RTI method

Not beeing satisfied with existing approaches, we designed our own one to solve the problem of reflexion
implementation. We call it RTI (for Rox Type Info). Thiswork is part of the bang3 project [?] and you can
see the source code of our implementation at the project site.

3.1. Class elements

First we detect which classes the given class consists of (Figure 1).

To solve this problem, we exploit the fact that the class elements constructors are called during each object
creation. We only need to call from each class constructor our function saving the this pointer for further
processing. Of course we need not to do so each time but only once for each class type — usually during
initialization phase of program start-up.



Obrazek 1: The structure X consists of elements A and B.
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Obrazek 2: The structure X inherits from P and Q and consists of elements A and B.

3.2. Classparents

Second, we want to know, what are the parents of a given class (Figure 2). Notice, that the memory layout
for the class elements and the parentsis the same — with the parents going first.

class P : public virtual VirtBase { . };
class Q: public virtual VirtBase { . }s
class A : public virtual VirtBase { . }s
class B : public virtual VirtBase { . }s
class X : public P, public Q {

A a;

B b;
b

To distinguish between these two cases we used the fact, that the virtually inherited base classes are shared
among the parents, but not among the elements. So we put one common virtual base class into each
investigated class type. Now we can test whether the virtual base of each executed constructor class hasthe
same address as the virtual base of the whole class, or not. In the former case the subclassis a parent, in the
later it is the element.

3.3. Virtual inheritance

Finally we want to detect, if the parent class P isinherited into class X virtualy or not (Figure 3).

class P: public virtual VirtBase { ... };
class Q: public virtual VirtBase { ... };
class A: public virtual VirtBase { ... };
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Obrézek 3: The structure X inherits from staticly P and from Q virtually.
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Obrazek 4: Two X structures after content swap.

class X : public P, virtual public Q{

A a;
};

To detect thevirtuallity of inherited base classwe createtwo instances of theinvestigated classand swap their
contents using the low-level mentpy function. From the changes of t hi s pointers between construction
and destruction of such a modified pair we can distinguish the virtual base from non-virtual. The virtually
inherited base classes are destructed at the changed | ocations, because they are accessed using single pointer
stored inside the inherited class®. The statically inherited base classes are destructed at the original locations
(Figure 4).

4, Example

Let uslook at the working library now. In this example we create the diamond scheme of classes, each with
some member variables. We also flag a variable with alabel or ahidden flag. Then we use generic function
to convert the structure to a printable format.

#include "../../../basel/banglib.h”
#include "../../../dict/all.h”

cl ass P : public CStruct
{ STRUCTI MPL( P )

1According to the Cfront-style virtual inheritance implementation, which is common in todays compilers.




CString p;

H
REGROX( P )
cl ass Q: public CStruct
{ STRUCTI MPL( Q)
Cl nt d;
s
REGROX( Q)

cl ass X : public P, public Q
{ STRUCTI MPL( X )
DOM NANCE( P )

CString m
LABEL ( al pha) CFl oat a;
H DDEN CsString b;
Cstring c;
b
REGROX( X )
int main()
{ Aut oExec();
X nm
nm m = " preal pha”;
mma = 3. 14;
mnmb = "BETA";
mmc = "CORRI NO';
mmp = "pH';
mmaq = 12;
const RStr& ms = *nmm ToCRox();
puts( mrs. ToChar() );
return O;
}

Program out put :

<>
<CString val ue="pH'/>
<Clnt val ue="12"/>
<CString val ue="preal pha”/>
<al pha>
<CFl oat val ue="3.14000000000000012e+00"/ >
</ al pha>
<CString val ue=" CORRI NO'/ >
</ X>

Inasimilar way we can serialize this new structure of oursinto ablock of binary dataand recreate it again?.

2The whole example is available on bang3 project CVSin directory bang3/test/auto/210_xize.
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Obrézek 5: Appendix: Bang3 data types hierarchy.

5. Conclusion

We successfully designed and implemented the reflexion method for C++ data structures. This allows for
easier programming of sophisticated data types which are able to print, serialize, deseriaize and parse
themselvesin an automatic manner.

We can use these data typesto communicate throughout the network without additional effort from the agent
programmer. We also can use such a communicating system as a demonstration and a test case of our ASP
model.
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Abstrakt

Learning methods for RBF networks are briefly reviewed. The focus is on evolutionary methods. As
an aternative to the genetic algorithms we introduce the Eugenic learning, evolving separately a pool of
hidden units and compl ete networks. Described algorithms are demonstrated on some experiments.

1. RBF network

An RBF network is a feed-forward neural network with one hidden layer of RBF units and alinear output
layer. By an RBF unit we mean a neuron with multiple real inputs # = (z1,...,z,) ad one output y
computed as:

17 -¢lle

y = ¢(&); €=f 1)

z

where ¢ : R — R is a suitable activation function, let us consider Gaussian ¢(z) = e~*". The center
¢ € R”, thewidthb € R and ann x n real matrix C' areaunit'sparameters, || - || denotesaweighted norm
definedas|| 7 ||2= (CZ)T(CZ) = #TCTCZ.

Thus, the network represents the following real function f : R* — R™ :

h 7(\\5—a]-||cj>2
fs(f):ijse bi , s=1,...,m, 2
j=1

wherew;s € R areweights of s-th output unit and f; is the s-th network output.

The goal of an RBF network learning is to find suitable values of RBF units' parameters and the output
layer’s weights, so that the RBF network function approximates a function given by a set of examples of
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inputs and desired outputs T' = {Z(t),d(t);t = 1,... ,k}, caled atraining set. The quality of the learned

RBF network is measured by the error function:

1 k. m

E=53 > ct),  e(t)=d;(t) - f;(t). (3
=1

t=1 j=1

2. RBF network learning

There is quite a wide range of methods used for RBF networks learning, three main approaches were
described in[?].

From one point of view an RBF network is a special type of a feed-forward network, like a multilayer
perceptron (MLP). Therefore we can use a modification of the Back Propagation algorithm, designed for
MLPs. It isan iterative algorithm based on a straightforward gradient minimization of the error function £
from (3). Starting with random initialization, we shift the vector of al network parametersin the direction
given by the gradient of the error function, and iterate until alocal minimum or the desired value of the error
function is reached. We call it the Gradient learning, since there is only one hidden layer and therefore no
“back propagation” during the evaluation of the gradient.

The Gradient learning unifies all parameters by treating them in the same way, even though the meaning
of the RBF network parameters is well defined. Another method, Tree-step method takes advantage of
this knowledge, divides the parameters into three categories and learns each category separately using a
customized method.

First we need to set the centers of RBF units. They should reflect the density of training data points and
therefore some vector quantization algorithm is usually used. Then we find suitable values for additional
units’ parameters (widths, norm matrices), which determine the size and the shape of the area controlled by
aunit. Some heuristics are used to cover the whole input space with these areas and at the same timeto keep
their local character. Remaining weights of a linear combination are determined by a linear least squares
method.

A completely different approach to RBF learning is represented by evolutionary methods, such as genetic
algorithms. It is a stochastic optimization method, working with a population of individuals and operators
of crossover, mutation and selection constructing new generations. Each individual represents one feasible
setting of network parameters, the better the represented network, the higher the individua’s fitness (a
probability of being selected into a new generation).

In [?] the canonical version of the genetic algorithm is introduced. It reduces the searched parameter space
using the fact that RBF networks with the same but permuted RBF units represent the same function and
thus are equivalent.

Another evolutionary method, based on Eugenic evolution [?], is described in the next section.

All mentioned methods are candidates for RBF network learning. The real choice depends on actual
computational resourcesor acharacter of agiven dataset. The Three-step method isthe best choicefrom the
computational time point of view, the Gradient method usually findsthe most accurate solution. Evolutionary
methods are quite time consuming but can be used also for determination of a number of hidden unitsor for
learning of networkswith different types of unitsin the hidden layer.

3. RBF network learning based on Eugenic evolution

Since an RBF network represents a linear combination of RBF units, we can understand it as a team of
cooperating units. Thanks to the local character of RBF units, we can assume that if some unit works well
on itslocal area it would probably be a good member of a team. Thus, if we had a good supply of those
units, we would probably be able to select teams forming good networks.

Now we introduce a learning technique based on the eugenic evolution described in [?].
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The evolution takes place on two levels. On the first level we evolve a pool of RBF units that serves as a
store of building blocks for RBF networks. Good units are those that are able to cooperate with other units
well enough to solve a given task.

A network, understood as a team of units, is represented by a blueprint specifying which units form its
hidden layer. A population of blueprintsis evolved on the second level.

RBF units evolution

First we describe one step of thefirst level evolution, i.e. evolution of units:

e According to a chosen blueprint we create a network that is used to solve a given task (i.e. is applied
onagiven training set) in atrial, and is rewarded by afitness based on the error function. All units of
the current team increase their trial count and the network fitness is added to their fitness count.

o After enough trials have been performed, each neuron average fitness is evaluated dividing its fitness
count by itstria count.

¢ New units are constructed using the operators of selection, crossover and mutation and they replace
the lower ranking part of the population.

Starting with randomly initialized neurons and blueprints, we iterate until a suitable solution is found.

To form a network we could choose a team in some random way, but we would prefer to build teams of
unitsthat are likely to work well together. Therefore the evolution on the second level is done by means of
aeugenic agorithm.

Here, an individual represents one blueprint and it is coded by a bitmap. Each bit represents one gene and
corresponds to one RBF unit from a pool. It is set to one, if this unit isincluded in the hidden layer of a
particular network.

Theintroduction to the general Eugenic algorithm follows.
Eugenic algorithm

Unlike a standard genetic algorithm, where crossover, mutation and selection are used to form a new
individual, in Eugenic algorithm a new individual is constructed one gene after another according to the
statistics over the entire population.

Starting with arandom initialization, we iterate until a suitable solution is found.

In each generation only one new individua N is generated:

1. Startwiththeset of al genesU = {zy,za,... , 2}

2. Select the most significant gene x;,. This should be the gene that is most strongly correlated with the
fitness of theindividuals. Assumethat the larger the | f(z4,0) — f(24,1)], the stronger theinfluence of
thegene z, is. (f(z,,0) isthe average fitness of those individuas having 0 at gene «,, similarly for

f(@g,1)).

3. Set the value of the gene z5;, according to the probability f(zsig,a)/(f(Zsig,1) + f(Zsig,0)), Where
a is either 1 or 0. Higher probability have those values that are more likely (according to a current
population) to form good individuals.

4. Thegene z;, isremoved fromU.

5. A rough estimate of epistasisis evaluated for the population.

It is a measure of how strongly the fitness f(z,,,) depends on the values of the other genes. If for
al genes g the difference between f(z,,0) and f(z,,1) islow, i.e. both choices seems to be equally

11



good, we speak about high epistasis. High epistasis indicates that there is no really significant gene
and therefore the values for remaining genes should not be chosen independently.

6. If epistasisis high, the population is restricted to those individual s having the same value of gene x4,
astheindividual N.

7. Usetherestricted population and continue with step 2 until U is empty.

8. Compute the fitness of the individual N (including error function evaluation of the corresponding
network) and replace the individual with worst fitness.

The described algorithm doesn’t control the number of units in the hidden layer. To avoid large or empty
networks, we explicitly define the minima and maxima number of units. Creation of a new individual is
stopped after the maximal number of unitsis reached (i.e. the same number of bitsis set to 1). If the created
individual has less than minimal number of units, randomly chosen bits are set to 1. Then the algorithm
determines not only the values of networks parameters, but also the number of hidden units.

4. Experiments

In this section we present some results of our experiments.

All experimentswererun on aLinux cluster, each computation on anindividual nodewith aCeleron 1.1GHz
processor and 0.5 GB of memory.

The well-known data set Iris plants was used. It contains 3 classes of 50 instances each, where each class
refersto atype of aniris plant. We used a network with three output neurons, one neuron for each class. The
class number is then coded by three binary values, value 1 on the position corresponding to the number of
class and zeros on the others. So each training sample consists of 4 input values describing some features
of aplant and 3 output values coding its class.

We tried to learn an RBF network with 3, 6, 9 and 12 RBF units, using genetic algorithms and eugenic
learning. Each computation was run 5 times, an average computation was picked up. The average time of
100 iterations was 72.0 sfor genetic learning, 8.6 s for eugenic learning.

Figures6 and 7 showsthetypical fall of the error function comparing the canonical and the classical version
of genetic algorithms.

On figure 8a) you can see the typical fall of the error function using eugenic learning for networks with 3,
6, 9 and 12 units.

Eugenic learning was run also with a varying number of RBF units, the minimal number of units was 3,
maximal 12. Figure 8b) showsthe fall of the error function.

Genetic and Eugenic learning of an RBF network with 12 hidden units are compared in the table 1, that
shows the number of iterations and time needed to achieve given .

Note that, while Genetic learning creates a whole population of new individuals and evaluates the value
of the error function for all of them each iteration, the Eugenic learning evaluates the error function only
for the new individual and those individuals that mutated during last iteration. Therefore there is no use of
comparing the numbers of iterations and we have to measure time.

On the Iris plant problem we demonstrated, that Eugenic algorithm can achieve results comparable to
genetic algorithmsin shorter time.

12
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Obrazek 6: Thefall of error function in canonical genetic learning and classical genetic learning, for the RBF network
with &) 3 unitsb) 6 units.
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Obrazek 7: Thefall of error function in canonical genetic learning and classical genetic learning, for the RBF network
with @) 9 unitsb) 12 units.
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Obrazek 8: Thefall of the error function in eugenic learning for the RBF network with a) 3, 6, 9 and 12 units. b) the
varying number of units, from 3 to 12.
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€ EuGA CanGA GA

100 | 95 8s 30 22s 20 14s

80 | 291 25s 240 3min18s 100 1min22s

60 | 463 40s 1320 18mini12s 720 9min55s

40 1879 2min42s 3420 47minlls 6810 1hours33minlls

20 151717 3hours37min27s | 22390 5hours8 min58s | 28590 6 hours35min54s

Tabulka 1: Average number of iterations and time needed for the fall of the error function under the given ¢.

5. Conclusion

We reviewed common learning methods for RBF networks, including evolutionary methods. The Eugenic
learning based on two-level evolution was introduced. It takes advantage of local character of hidden units
and more sophisticated way for creating new individuals is used. It seems to be a promising alternative to
genetic algorithms.

Our future focus should be moved to hybrid methods combining known agorithms.

In[?] it was aready shown that the Three step method combined with Gradient learning could bring better
results than these methods alone. Also genetic algorithms could be easily combined with other methods, for
instance they are very good at setting centers in the Three step method.

And finally, the Eugenic learning described in this paper takes advantage of local character of units while
evolving a pool of them. But we have to learn also the weights of the output layer, which are highly
dependent on other weights and units in a current network. Therefore we want to let the Eugenic learning
learn only the hidden layer and set the output weights using some linear least squares method.
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Abstrakt

Systém Bang je knihovna, obsahujici datové struktury a algoritmy spadajici do oblasti umélé inteli-
gence, zefména neuronove sité a algoritmy pro jejich uceni a genetické algoritmy. Navic jei platformou
jak pro vyvijeni novych datovych struktur (napf. novych typll neuronovych siti) ajejich ucicich algoritml,
tak pro uceni stavajicich struktur a uschovavani naucenych konfiguraci.

Predpokladejme, Ze Bang bude mit v budoucnu pomérné velky potet uzivatelll, ktefi si budou do
centralni databaze ukladat své vlastni struktury i konfigurace, nau€ené na urcity problém. Budou ovsem
také chtit nalézt datovou strukturu, ktera je schopna se nautit fesit zadany problém, nebo jesté |épejeii uz
naucenou konfiguraci.

Kazda datova struktura bude tedy obsahovat zaznam o tom, ¢emu je schopna se nautit a kazda
konfigurace podobny zadznam o tom, co vSechno umi, popfipadeé jak moc to umi. Pfedpoklada se, ze jedna
struktura &i konfigurace miize mit vice zaznami a hierarchické uspofadani struktur (napriklad RBF sit
umi to, co kazda neuronova sit a jesté néco navic).

Cilem ¢lanku je navrhnout jazyk, vhodny pro vytvafeni takovychto zaznamtl. Déle je tieba, abychom
poznali, Zze zaznamy vytvarené rliznymi uzivateli pro stejnou ¢i podobnou konfiguraci si jsou podobné.
Tento problém alespon Castetné fesi ontologie a dal&im cilem mého ¢lanku je proto diskuse o pouziti
ontologii v Bangu.

1. Uvod

Hybridni modely, zejména kombinace metod umélé inteligence, jako jsou napriklad neuronové sité, ge-
netické algoritmy i fuzzy logické kontrolery, se zdaji byt slibnou oblasti vyzkumu a jsou t&Z smérem v
soucasné dobé pomérné rozsifenym [1]. My jsme s nimi experimentovali v pfedchozi implementaci naseho
systému (popsan v préci [3]) s povzbuzujicimi vysedky soudé alespon podle srovnavacich testll [3].

Bang sestava z popul ace agentli Zijicich v prostiedi, které poskytuje nezbytné sluzby, jako vytvareni novych
agenttl, komunikaci pomoci zprav a distribuované spousténi v pocitatove siti a mobilitu. Ostatni dblezité
sluzby jako databaze algoritm{, seznam beZicich procestl, zaji&téni persistence dat, load balancing, textové
agrafické rozhrani pro uzivatele uz jsou zgjistovany na“uzivatelské Grovni”, tedy agenty.
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Pojem inteligetniho softwarového agenta vznikl z potfeby mit kusy softwaru, které by byly do jisté miry
autonomni, samostatné se rozhodujici a popfipadé schopnési sehnat informace, které ke svému rozhodovani
potiebuiji. Priklady dnespouZzivanych agenttijsou roboti vyhledavajici informace nainternetu, ¢i elektronicke
sekretérky. Nicméneé ac je softwarovy agent velice vdécné téma pro pro védecké ¢lanky neexistuje pro ngj,
narozdil od napfiklad objektu (ve smyslu objektove orientovaného programovani) zadnajednotna definice.
Rlizné definice agentajsou prodiskutovany napfiklad ve vyborném (vodnim ¢lanku od pana Franklina[2].

Obecng, softwarovy agent je pocitacovy program, ktery je autonomni, vnima stav a zmeény ve svém okoli
a odpovida na ng, sleduje tim vlastni cile. Takovyto agent miize byt adaptivni & inteligentni, ve smyslu
byt schopen shirat informace, které potiebuje, ngjakym sofistikovanym zplisobem. Nad agenti jsou navic
mobilni (mohou se pfemistit na jiny pocita€) a trvali (persistentni), tedy schopni prezit i poté, co prestane
existovat jejich prostiedi. Neuvazujeme o jinych “typickych” vlastnostech agentti jako simulace lidskych
emoci, ndlady atp.

Prostfedi v Bangu dava agentlim moznost komunikovat pomoci zprav. Zpravy mohou byt synchronni €i
asynchronni aza podstatné povaZuiji téZ tzv. location transparency, tedy skryti rozdil&i mezi tim, jestli agenti,
kteri spolu komunikuiji, jsou na stejném nebo na rtiznych poditatich.

Cely Bang je psan v C++. Agenti jsou tfidy odvozené od zakladni tfidy Agent, kteraumi reagovat nanékolik
z&kladnich zprav (ping aneb Zijes?, pfemisti se najiny pocitac, ukonti se). Programéator nového agenta pak
jen pripisuje triggery. Trigger je procedurareagujici najednu konkrétni zpravu. Prostfedi prijima zpravy a
spoudti odpovidajici triggery agentd.

2. Zlatéahiléstranky

Bang obsahuje velkou spoustu agenttl, ktefi jsou dobfe popsani v on-line manualu [9]. Zminim se tedy jen
agentech bezprostfedné souvisgicich s naSim tkolem.

Nejprve se vratim k definicim pojmdl, které uz jsem pouZzilav abstraktu.

Datova struktura popisuje vsechny volné proménné objektu, ktery chceme ucit. V pripadé dopfedné sité to
jsou vahy véetné prahtl, a pripadné konstanty pro ugici algoritmy.

Konfigurace je konkrétni nastaveni proménnych v datové strukture, napriklad vahovy vektor uz naucené
sité.

Agent obsahuije libovolny pocet datovych struktur a ugicich & pomocnych algoritmd.

Agenti v Bangu jsou rliznych druhfi. Agenti systémovi zgjistuji mnoho uzitetnych sluzeb, které prostiedi
diky snaze byt co nejjednodussi nedéla. Ul agenti délaji tu praci, kvili kteréje Bang psan, tj. obal uji ngakou
datovou strukturu a jeji u€ici algoritmy a nakonec pomocni agenti poskytuji riizné, vét&inou numericke,
operace pro ostatni agenty.

Zminim se o dvou systémovych agentech, Zlatych a Bilych strankéach. Zlaté stranky jsou databézi Zijicich
(rozumgj béZicich) agentll. Uchovéavaji informace o jejich jménech, struktufe a schopnostech. Kazdy agent
se ihned po vytvoreni registruje u Zlatych stranek a informuje je pfi premisténi na jiny pocCitaC Ci pri
ukonceni.

Biléstranky udrzuji informace o agentech, ktefi neb&zi, nicménéjemoznéjespustit. Takézgjistuji persistenci
dat, to znamena, Ze ukladaji stav agentll, ktefi o to pozadaji, at uz jde o naucéenou konfiguraci, ¢i dotasné
preruseny vypocet.

Zaznam pro jednu strukturu ¢i konfiguraci ma nasledujici polozky: typ, popis, vnitfni stav a pomocné
informace. Typ a popis tfidi datové struktury podie dvou rliznych hledisek. Typ tfidi podle struktury,
hierarchicky, napfiklad orientovany graf — neuronova sit — konfigurace neuronové sité. Popis podle
funkce, taktéz hierarchicky.
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3. Jazyky

Mame nékolik moznosti, jak zaznamenavat schopnosti datové struktury ¢i konfigurace. Bud pfirozenym
jazykem, ovSem potom je tfeba feSit jeho nejednoznatnost a pomalé vyhledavani, nebo jednoznatné urce-
nymi hesly (jednoznatnost by se zaru€ila pomoci ontologii (viz nasledujici odstavec)), coZ povazuji za ne
dost obecné FeSeni. Nebo pomoci né&jakého jazyka pro popis znalosti agentll. Vzhledem k tomu, Ze agenti
jsou pomérné popularni, je takovychto jazykt pomérné dost.

Vyhody posledniho feSeni jsou nasledujici: jazyk dost obecny, aby byl schopen popsat totéz, co prirozeny
jazyk, v pripadé, ze pouZijeme jazyk dostateCné rozsifeny, ziskame moznost komunikovat s agenty za
hranicemi Bangu.

Jazyky, o kterych budu psét, je moznérozdélit do tfi skupin. V prvni skupinéjsou jazyky navrzené pfimo pro
reprezentaci znalosti. Dost rozSifené nato, aby pfipadaly v Gvahu, jsou dva, KIF [5] a ACL-Lisp [4]. Jsou
s velice podobné, pouzivaji lispovskou syntax, jsou zalozené na predikatové logice. Potom vyhledavani
nemusi davat presné vydedky v diisledku nerozhodnutelnosti predikatové logiky. Vyhody téchto jazykd

vvvvvv

potfebujeme.

V druhé skupiné jsou jazyky navrzené pro prenos dat ve forméatu Citelném pro uzivatele i potitac. Byvaji
zalozeny na XML, coz je sympatické, nebot Bang pouziva XML pro komunikaci mezi agenty. Pfiklady
takovychto jazykl jsou PMML [6] & XSIL [7].

4. Ontologie

Slova v pfirozeném jazyce jsou nejen definovana pomérné nepresng, ae také maji v rliznych kontextech
rlizné vyznamy. Tento problém se alespoi ¢astetné snazi fesit ontologie.

Ontologie jsou seznam definic, vénovanych urcité oblasti. Agenti, ktefi znaji stejnou ontologii, mohou v
komunikaci pouZivat terminy v ni definované a ocekévat, Ze si budou rozumét.

Existuje projekt Ontolinguas cilem vytvofit globani databazi ontologii [10]. Jazyk KIF byl navrzen pravé
pro tento (cel.

5. Ontologiev Bangu

Nami FeSeny problém, jak jednoznatné popsat funkZnost Casti Bangu, se daredukovat na problém vytvorit
ontologii pro Bang. Vzhledem k tomu, Ze Ontolingua je pomérné pouzivana, je vhodné pouZzivat jazyk
velmi blizky KIFu. Na druhou stranu Bang pouziva XML pro komunikaci mezi agenty. Navrzeny jazyk
bude podmnoZzinou K1Fu, definovany v XML.

6. Zaveér avyhledy do budoucna

Jazyk pro popis agentli je navrZen, zbyva ho naimplementovat do Bangu a ukazat jeho uZitetnost na
konkrétnich pfikladech. Vytvofeni jazyka, ktery srozumitelné pro ¢lovéka i pocitat popisuje strukturu a
schopnosti datovych struktur a konfiguraci, je prvnim krokem k daleko zajimavéj&im problémlim, které
mimochodem také osvétluji pouZiti agentll v Bangu namisto prostych objektl, ato je vzgemnavyjednavani
mezi agenty na spolupraci pi feSeni problémi a dokonce (pol o)automati ckévytvareni schémat pro hybridni
systémy.
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Abstrakt

We prove Maurey-Jones-Barron rates of approximation (extended to L£P-spaces to be valid for one-
hidden-layer neural network schemes with activation functions from £°°-spaces. We propose extension
to thisresult. We use operator notation to compare NN-approximation to the linear one.

1. Introduction

Neural Network approximation of functions from R? to R/ has been widely studied in recent years. The
existence of an arbitrarily close approximation of acontinuousor £ function by one-hidden-layer network
with quite general units has been proven (see e.g. Leshno et a., 1993, Park, Sandberg, 1993. [7], [10])

These are very nice results but insufficient. An important quality of the approximation scheme is the speed
of convergence. It iswell known that linear approximation schemes have also the property of being able to
approximate” any” functionarbitrarily closely. The advantage of neural network schemesisin the flexibility
of theinterior of this approximation scheme. While the only thing the linear approximation schemes can do
to improve closeness to the desired function is to increase the number of parameters, nonlinear schemes,
including neural networks, are able to reflect the shape of the desired function also in the properties of the
fundamental parts (units) of the approximation scheme, not necessarily increasing the number of units.

We have to mention Maurey, Jones and Barron, who coped with the curse of dimensionality (exponential
increase of parameters with growing input dimension) by proving rates of approximation of some schemes
to be of the order of O(1/+/n) for functions satisfying certain conditions on their Fourier transform. These
results can be used also for neural network approximation.

In this paper we show a broad range of functions that don’'t exhibit the curse of dimensionality when
approximated by neural networks.
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2. Preliminaries

Let (X, ||.||) beanormed linear space. We denote by B..(]|.||) theball of radiusr innorm||.|| i.e. B-(||.]]) =
{z € X;|lzf] <7}

For G asubset of (X, |.]]) and ¢ € R we define
G(c) :={wg;g € G,w e R& |w| < c}.

We will denote the ||.||-closure of G by cl | G. The linear combination of elements of G will be denoted
by span G and linear combination of at most n elements by span,, G := {>I" | wigi;;w; € R,g; € G}.
Convex hull of G shall be denoted by conv G and analogously we define convex hull of at most n. elements
of G: conv, G = {S0, vigi; vi € [0,1], 50, v; = 1,5: € G} By [If = GI| := infoeqllf — gl| we
denote the distance of f from G. We define the notion of G-variation as the Minkovski functional of the set
clG(1):

Ifllg := inf{c € R; f € cl conv G(c)}.

To describe linear approximation we use the notion of Kolmogorov width defined for Y C (X, ||.||) as
dn(Y) =inf sup ||f — X,l|,
Xn fey
where X, are n-dimensional subspacesof X.

Neural networks consist of interconnected computational units with activation functions depending on
parameters and input variables: ¢(z,a) : R¢ x R¥ — R, where a are parameters and z input. One hidden
layer network with n ¢-type units computes a function of d variables of the form:

f(iL’) = Zwi¢(wvai)a

wherew; € R, a; € R andn € N*.
We extend this notion to continuum of hidden units obtaining
@) = [ w(@(z,a)da,
wherez € (H C R?), a € (A C RF). We can consider this scheme in operator terms having

f=Ts(w),

where T is an operator from the set of function on A (for example £P (4, \;)) into aset of functionson R?
(possibly also £P(H, \4), where H C R?.) By s,,(T};) we denote the n-th singular number of the operator
Ty.

We would like to remind the reader of the Luzin’s Theorem, that characterizes approximation of functions
by continuous ones (for the proof see for example[9].)

Theorem 2.1 Let (P, 1) bealocally compact space, where . is complete Radon measure (for example the
Lebesgue measureon R™) and f be u-almost everywherefinite function on P. Then the following conditions
are equivalent:

(i) fisu-measurable;

(i) for any e > 0 and any compact set K C P thereis an open set E so that uE < ¢ and f|K\E is
continuous;

(iii) for any e > 0 and any compact set K C P there exists a continuous function f on P such that

iz € K+ f(z) # fz)} <e
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(iv) for every compact set K C P there exists a sequence {fn} of continuous functionson P such that

fn — f u — almost everywhere on K.

An easy consequenceof the Luzin'stheorem for P acountable union of compact sets (any R™) givesamore
useful form of statement (ii):

(iii*) for any e > 0 there exists a continuous function f on P and an open set F such that uE < e and

f:fonP\E.

3. Deriving Rates of Approximation

Itisuseful to consider neural network approximationin theform of itsli mit asani ntegral thushaving instead
of thefinitesum f(z) = >.1" | w;¢(z,a;) theintegral of theform f(z) = [, w(a)d(z,a)da, f : H —» R,
where A isacompact subset of R¥ , H acompact subset of R? (compactneﬁsls reasonableto demandin real
case.) We use an extension to the Maurey—JonesrBarron theorem by Darken et a. [3], reformulated in [6],
that estimates rates of approximation by functionsfrom span,, G, where G is a bounded subset of £,,-space,
1 < p < o0. These estimates don't exhibit the curse of dimensionality.

Theorem 3.1 Let X be a finite measure space. Let G be a bounded subset of £,(X), 1 < p < oo and
sg = sup,¢g |lgll. Thenfor every f € £,(X) andn € Nt

21417 fllgsg
nl/a

If — span,, G|, <

where ¢ = p/(p — 1), p = min(p, ¢) and ¢ = max(p, ¢).

Note that for p = 2 we get the original Maurey-Jones-Barron rates of approximation of the order of

O(1/yn).

Observing the results of theorem 3.1 we see that reasonable rates of approximation are obtainable for
functions with finite || f||g. We prove this to be true for G containing quite general activation functions of
neural network units.

We have G as the set of functions computable by NN units. The linear combination of »n such functions can
be computed by an n-hidden-unit network with one linear output unit.

Now we need to find conditions that would guarantee the desired function f () = [, w(a)$(z, a)da to be
inthe convex closurecl convy; G (thusthe norm || f||g befinite) to apply Theorem 31 for neural networks.
Thefunction f hasbeen provento bein the convex closure of G for ¢, w continuousfunctions, see Klrkova
eta. [4].

Theorem 3.2 Let d, k be any positive integers H be a compact subset of R? and let f € C(H) be any
function that can be represented as f(z) = [, w(a)¢(z,a)da, where A C R, w € C(A) is compactly
supportedand ¢ € C(R? x A). Denoteg = {¢(, a) a€ A}, M ={a€ A;3x € H :: w(a)p(x,a) # 0}.
Then

1llg < / jw(a)|da
M

Theorem 3.2 can be reformulated in terms of operators and G-variation as follows:

Corollary 3.3 Under assumptions of the previous theoremit holds:

1Ts(w)llg, < llwllx
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Now we present extension of this theorem to £, -spaces. We make use of the Luzin’s Theorem 2.1 to prove
|| f]]g to befinitefor f computed by one-hidden-layer neural network with £ activation functions.

Theorem 3.4 Let k, d be positive integers, A a compact subset of R and H a compact subset of R?. Let
w € Ly(A,A) and ¢ € L,(A x H, A\pqq) fOr somel < p < oo suchthatthereexistsabsothatw <b
M- alrnosteverywhereonAand¢<b>\Hd almost everywhereon A x H. Let f(z fA ¢(z,a)da
and G = {¢(x,a),a € A}. Then

I1£llg < llwlls.

Proof:

The statement can be equivalently rewritten as follows:
flz) = / w(a)p(z,a)da € cl, conv{c;d(x,a;),a; € A, |c;| < [|lw]||1}-
A

It sufficesto show:
(VE > 0)(39 € COHV{Ci(b(.’I?,ai),G, € A,Ci S ||’IU||1})

such that
Ilf —gllp <e,

where

@) = [ wiayo(o.apda
Thuswearesearchingfor ag of theformg = "7 | ¢;¢(z, a;) thatiswithine from fand 31" | ¢; < [Jwl|s.

We will make use of the Luzin’s Theorem 2.1 (iii’) to derive useful factsfrom 3.2 For all ¢,, > 0 thereexist
continuousfunctionsw,, and ¢,, on A and A x H respectively and sets E,, and F},, such that

Wy, =wonA\E,

and B
dpn=00on(Ax H)\F,,

where A\, (Ey) < &, and Ag+a(Fy) < €,. Now we define an open set
U, D {{a € A; X if(a,—) € F,} > /e, } U En}

We observethat A\ (Uy,) < /2 + €, (usethe Fubini’s Theorem for thefirst part). Thuswe have A, (U),) <
2,/ey, for e, < 1. Now we define

falz) == /A\Un én(x,a)wy(a)da.

Now split the further proof (the formula|| f — g||, into three parts:

B C
A . ~ ~.
A Mn
||f_g||p < ||f_fn||p+||fn_zcz¢n y @ ||p+||zcz¢n , @ Zcz(b Hp

i=1
and prove all of them to beless or equal to /3, where £ was fixed at the beginning.
(A) Without loss of generality we put p = 1 for better transparency.

(1) (2)
Ilf — fn||p—/ / |lw(a)p(z,a) — W, (a )¢n(x a)|dadx+// |wWn(a gi)n(x a)|dadx
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We deal with both the parts separately (and use Fubini’s Theorem):

(1) = [w(a)(,a) — W, (a)du (x, )| dadz+

/(Hx(A\En)) \F, N

=0

+ [ (0@t - (@ (o, 0)] dada+

~
n v

<2b2

/ / lw(a) W (@) fn (2, a)| dadz <

<2l)2

<0+ ,20% +enXa(H)2V? = £,20%(1 + N\g(H))

The second part is easier:
— [ ] [#n(@dne, )] dade < VEN(EN?
U, J H >———~—
<b?

Altogether we get:
1f = full < Xa(H)D? (4en + V/En)-

Now we can easily find n such that || f — f,|| < &/3. We fix thisn and continue with the second part:

(B) We have f,, defined asintegral over acompact set A \ U,, of continuousfunctions i, (a) and ¢, (z, a).

falz) == /A\Un én(x,a)wy(a)da.

Thus using Theorem 3.2 we know:

VE>03my, [ fo = D cidn(— ai)llo < &

i=1

We find such m,, sothat || f,, — 2% ¢idn(—, ai)|lc < £/(3Xa(H)). Thuswe get

£ =3 eitn(=all, = [ 1,(0) Zcmnmlm
i=1

<E/(3/\d(H))

O:JI(T)

We proceed to the third part.

(C)We haveto noticethat by F), | 5 We mean projection of ), onto H.

Mn

DILCACRIED SECCHAIY Zcmnmz =3 il ai)lda <
=1 =1

i=1

z 1

1S citn (2, a:) ) ci¢(w,ai)|dw+/ | ) Citn (T, ;) — ) cip(x,a;)|dx
/H\<F| ) Z ; ) m, ; ;

=0

SO-I-/ |Zcz On — O)(z,0a; |dx<Z|cZ|/| xal)|dx_*
F,

"Hzl
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Asof a; ¢ U, we obtain the constraint on the measure of the set over which we are integrating:

Ma(Fol ) < vEn
for al a;. We conclude
x < 2by/En B ¢; < 2by/Ey|wlly,
i=1
because

< fin@da= [ ju@da <l
= A\U, A\,

n

Itiseasy tofind an e, that securesall of the A, B, C partsto be < /3 which is what we wanted.

m|
Corollary 3.5 Under the assumtpions of Theorem 3.4 we have:
1Ts (w)llg, < [lwl]s.

Proof: An easy consequence of Theorem 3.4 and definitions of 7, and ||.|g, - |

4. Linear versusNonlinear Approximation

To derive estimates of Kolmogorov n-width of ballsin G-variation we can use the following Theorem from
Pinkus[11, p. 65].

Theorem 4.1 Let (X, ||.]|x) and (Y, ].||y) betwo Hilbert spacesand T : X — Y be a compact operator.
Then for every positive integer n

dn(T(B1(X)),Y) = sp41(T) -

We use this Theorem together with the results of the previous section having for f(z) := [, w(a)é(z, a)da
and G = {¢(z,a),a € A}:

1fllg < llwllx
We apply the operator notation introduced at the beginning to reformulate this result. We have f = T (w).

Using the previousinequality we obtain:
T (B1(IIl11)) € Bu(ll-llg)-
Using Theorem 4.1 for p = 2 we have:

dn(Bi([l-lg)) = dn(Ts(Bi(|l-[l1)) = sn41(T)

Our futher focusis on the speed of s,, going to zero. We want to derive conditions under which the singular
numbers converge to zero slower than O(+/n) thus proving neural network approximation to be better than
linear approximation (its speed of convergencegiven by d,,).

5. Discussion

In Theorem 3.4 (in combination with Theorem 3.1) we have proven the rates of approximation of the neural
network scheme with one hidden layer and £>° activation functions to be of the order O(n'/7) (¢ derived
from the embedding into £7-space, see 3.1) thus avoiding the curse of dimensionality. We have shown the
possible progressin the field using operator notation and deriving rates of convergence of singular numbers
of compact operators.

We expect to extend the results of Theorem 3.4 to general £P-functions on finite measure spaces without
the restriction on up to measure zero finiteness of the function.
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Abstrakt

The paper surveys the basic knowledge about the specia class of fuzzy inference systems which is
the class of the radial implicative fuzzy inference systems. It is presented their definition together with
several important properties of them such as coherence and universal approximation property.

1. Radial fuzzy inference systems

The concept of fuzzy inference system (FIS) is well known over thirty years, e.g., [1]. The architecture of
standard FISis given by four building blocks, a fuzzifier, arule base, an inference engine and a deffuzifier.
The input signal flows from fuzzifier, through inference engine, which cooperates with a rule base, to the
deffuzifier. Mathematically, a FIS (in M1SO configuration) performsafunction from R" to R.

A “knowledge’ of aFISis stored in the rule base. Thisistraditionally given by a set of m IF-THEN rules.
An IF-THEN rule has the canonical form

IF z,is Aj1 and x5 is Ajp and ... and z, is Aj, THEN yis B;, (4)span

where A;;, B, i =1,...,n,7 =1,...,m arefuzzy sets defined on respective universal sets X, ..., X,
X; C R, Y C R. Thelinguistic connective and is represented by a ¢t-norm (associative, commutative,
monotone and conjunction-like operation from [0, 1]% to [0, 1], see [1, 2] for exact definition).

Consideringn > 1 we have antecedent of arulerepresentingafuzzy relationon X; x X» x -+ x X, given
as

Aj (CB) = Ajl (371) *A]'2 (372) ket ok A]'n(l'n), (5)span

where x symbol represents a¢t-norm. Having particular fuzzy sets given as Gaussians and ¢-norm as product
we have above as

Aj(z) = exp l_wl e l_wl ..... xp l_wl . (©span

2
b3,
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which is on base of Gaussians properties

- — Gy .
TR e NS R
i=1
where a; = (aji1,...,a;), a; € R™, is the vector of centers of particular fuzzy sets Aj;, b; =
(bj1,.-.,bjn), b € RY is the vector of theirs width parameters and || - ||, is the scaled Euclidean

norm defined as

lulle, =, Z B2 (8)span

Comparing the form of antecedent and succedent,
Aj(x) = exp [||z — a;][3] Bj(y) = exp [~ (y — ¢)/d?], (9span

we see that they have the same form. That is, their computationisgiven, up to dimension, by the ssmeradial
basis function. Actually, this property givesthe formal definition of radial FIS.

A FIS is cdled radid if there exists a non-increasing function act : [0,+00) — [0,1], act(0) = 1,
lims_, 4 act(s) = 0,andastrictly increasingfunctiong : [0, +00) — [0, +00), g(0) = 0, both continuous,
such that antecedent A;(x) and succedent B;(y) of the jthrule, j = 1,...,m, can bewritten as

Aj(x) = act( g(|z — a;lls;) ) and  Bj(y) = act (g (ly — ¢;l/d;)) - (10)span

On base of this definition we see that in above example the act functionis given as act(s) = exp(—s) and
g functionas g(s) = s%. Thereisaquestion if there can be defined another radial FISs on base of other well
known t-normssuch asLukasiewicz, definedaszxy = max{0,z+y—1}andminimumzxy = min{z,y}
and other shapes of fuzzy sets such as triangular ones. We have these two lemmas.

Lemmal.l Let A;;, B; betriangular fuzzy sets, i.e.,

}, Bj:max{(),l—‘u
d;

Tr; — aji

Aji = max {0, 1-—

} , (11)span

ji
and ¢-norm be chosen as minimum then resulting FIS isradial.

Proof: Considering antecedent of particular rule we have

T — Qj;

Ajx) = min{maX{O,l—

max {O,min {1 -

Aj(x) = max {0, 1- max{

il
)
} } . (14)

Aj(z) = max{0,1— ||z — a]'”ij 1 (15)span

ji
T — Qj;

&
&
I

T; — Qjj

Henceitis

where || - ||c,, isthe scaled cubic norm given as

Un

by

lallc, =max{ i
J bl

yen ey

} : (16)span

forb = (by,...,bn), b€ RY.
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Setting act(s) = max{0,1 — s} for s € [0, 4+00) and g(s) = s, we have

Aj(@) = act(g(lle—allcy,)), (17)

Bjly) = maX{O,l— m}=act<g (‘%)) (18)

J

Hence Mamdani |-FISisradia. O

Lemmal.2 Let A;;, B; betriangular fuzzy sets, i.e.,

}, szmax{o,l—‘w
dj

Ti — Ajg

Aji = max {0, 1-—

} : (19)span

ji

and ¢-norm be chosen as Lukasiewicz one then resulting FIS isradial.

Proof: By induction. Let n = 2 thenwe havefor ry = (2 — aj1)/bj1, 2 = (& — aj2)/bj2,

Aj(xz) = max{0,max{0,1— |r|} + max{0,1 — |ra2|} — 1}, (20)
max{0,1 — (|r1| + |r2])}- (21)

.

.

&
|

By the same manipulation we provethat for n. > 2 we have

Aj(z) = max {0, 1- i |rz|} . (22)span
i=1
Considering the scaled octaedric norm in R"™ defined as
lullow =3 il (23)span
we have
Aj(z) = max{0,1 — || — aj||o, } (24)span

Setting again act(s) = max{0,1 — s} for s € [0, +o0) and g(s) = s weobtainaradia FIS. O
Note that considering 7, normsin R™ defined for p > 1 by
Ip(u) = (Jur P + ... lun|P)'/? (25)span

then their scaled counterpartsfor b € R}

u [P N\ 1/p
() = (|—| +-+|— (26)span
by by,
arenormsin R™ aswell. Further it is
7 Up,
lp=1)s (W) = || + -+ | 75| = lullo,, (27)span
b1 b
pgrgoolp,,m):max{ Bl g [t } = llulles. (28)span

Thus we see that for the most important ¢-norms (any ¢-norm can be build from Lukasiewicz, product and
minimum ones [2]) and usual shapes of fuzzy sets (triangular, Gaussians) there exists corresponding radial
FIS.
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2. Radial implicative fuzzy inference systems

A particular IF-THEN ruleof arulebaseis mathematically represented by afuzzy relation. Itsform depends
on the shapes of fuzzy sets, used ¢-norm and interpretation of IF-THEN structure of a rule. Actualy, there
are two approachesknown in the literature. It is the conjunctive approach and the implicative approach [1].
On the base of conjunctive one so called conjunctive FISs are defined and on base of the implicative one
theimplicative FISs (I-FI Ss) are defined.

In an implicative FIS antecedent and succedent are combined by a proper fuzzy implication given as the
residuum of a¢-norm used for and connective representation. A residuum — of at-normisgenerally given
as (it isan operation from [0, 1]% to [0,1], see[1, 2])

x =y =sup{z*xz <y} (29)span
For the three basic normsit isgivenasz — y=1iff x < y (thisisageneral property of all residua) and for
T >yas
e Lukasiewiczt-norm:z > y=1—x+y
e productt-norm: z — y = y/z

e MinNimumt¢-norm:z -y =y

Hencein an I-FIS aparticular rule representation is given as
Rj(x,y) = Aj(x)— Bj(y), (30)
Rj(z,y) = (Aj(z1)* - x Ajn(zn)) = Bj(y). (31)

On base of this representation particular rules are combined to compound relation giving a fuzzy relation
representing the whole rule base. The combination is for implicative FIS given by the ¢-norm representing
afuzzy intersection. The t-norm is the same as used for and connective representation. Thus we have

RB((E, y) = ﬂ R] (:1), y) = Rl ((E, y) ko k Rn(ma y) (32)span

j=1

Now we can state the definition of radial I-FIS. A FIS isradia implicative oneif it is radia according to
definition 1 and it has the implicative representation of rule base.

3. Computation of radial |-FIS

A computation of standard FIS is given by the compositional rule of inference [1]. On base of this rule
output (fuzzy set B’) of inference engine, given as aresponse on input z*, has the form

B'(y) = sup{ 4. (z) x RB(z,y)}, (33)span
where A.,. (x) is the fuzzy set given by afuzzifier as a response on the crisp input * € R and x is the

t-norm used for and connective representation. Using singleton fuzzifier, which isthe most common choice
in practice, transforming a crisp input on fuzzy singleton, i.e.,

®\ Al _ 1 forx =x*
fuzz(x®) = AL.(x) = { 0 forw £z (34)span

and employing the fact that for any t-norm 0 x z = 2 x 0 = 0 we have above CRI rule (33) in the simpler
form of

B'(y) = RB(z",y). (35)span
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Further considering the computation of CRI rulein a more restrictive form, so called A-CRI rule, we have
above

B'(y) = A(RB(z",y)), (36)span
where A is an operation from [0,1] to {0, 1} defined as

1 forz=1,
A(x)_{ 0 forz€[0,1).

Sincefor any t-normitisxz xy = 1if and only if z = 1 and y = 1 we can (36) write as

B'(y) = A(Ri (2*,9)) % % A(Ba(a*,y)). (38)span

(37)span

So B'(y) = 1if and only if R;(x*,y) = 1 smultaneoudly for al j = 1,...,m. Otherwise B'(y) = 0.
Hence B’ isacrisp set.

Having particular rule represented in an implicative way it is R;(x*,y) = L if and only if itis A;(z*) <
B;(y), whichis given by the properties of residua. Considering an implicative FISto beradial we can state
these inequalities.

dj -|lz* = ajlle, > |y —cjl, (39)
lz* —ajlle; = |y —cil/dj, (40)
g™ = ajlle,) > glly —c;l/d;), (41)
act(g(|le” —a;lls;)) < act(g(ly — ¢;l/d;)), (42)
Aj(x*) < Bj(y). (43)
Hence the set of those y satisfying A;(z*) < B;(y)contains at least the closed interval

Ij =[ej —dj - [|2" = ajlly; , ¢j +dj - [|2" — ajllp;]. (44)span

Considering by definition interval I; such aset of thosey for which R;(x*,y) = 1 we see that the set of y
forwhich B'(y) = 1isgivenby theintersectionof I; forj = 1,...,m. Formally, we can write computation
of an inference engine using A-CRI rulein the case of radial I-FIS as

B' = ﬂ I;. (45)span

Since an intersection of intervalsisan interval aswell (we consider that it is non empty) it is straithforward
to consider as the final deffuzified output of aradial I-FIS the middle point of B', i.e.,

L(Ip Ip
y* = (B)W;R(B), (46)span

where L(Ip/), R(Ip/) aretheleft or theright limit point of B’, respectively.

Having stated the computation of aradial 1-FISwe can investigate some of its properties such as coherence
and universal approximation property. In the following sectionswe state important theoremsregarding these
properties without proofs.

4. Coherence

The question of coherenceisthe question if for any input is the output of radial 1-FIS always defined. That
is, forany «* € R™itis()I; # (). The answer on this question is given by the following theorem.

Theorem 4.1 Let bewy; for k,l =1,...,m givenas
M for k #1
Wy = llar — ail|E , (47)span
0 for k=1
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Thenradial I — FIS is coherent if and only if for all elementswy, itis

wy < min{dgag, dia}, (48)span
wherea;, j = 1,. .., m, are positive numbers such that
a;j - ||ulle < [lully, (49)span

for all u € R™.

5. Universal approximation property

The universal approximation property is an important property which justifies the employment of radial
I-FI Ss as controllersor other approximation tools. We are able to prove this property in the following form.

A system of functions G defined on hypercube H = [p1,q1] X - -+ X [pn,qn], i-€., H C R™, exhibits the
universal approximation property if for givene > 0 and any continuousfunction f : H — R thereexistsa
functiong € G suchthat foral « € H itis

|f(z) —g(z)| <e. (50)span

Theorem 5.1 Let G be the system of functions given by the computation of all coherent radial I — FISs
defined on given hypercube H, H C R™. Then G has the universal approximation property in the sense of
definition 5.

6. Conclusion

It was defined the class of fuzzy inference systemswhich wasthe class of radial implicative fuzzy inference
systems. It was shown that important ¢-norms can be combined with important shapes of fuzzy sets to
obtain radial I-FISs. It was shown that the computation of radial implicative FISsis given by intersection of
intervals and there was presented sufficient and necessary condition to radial I-FIS be coherent. Moreover,
the class of radial implicative fuzzy inference systems exhibits the universal approximation property.
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Abstrakt

This paper discusses application of alternative target functions on multilayer neural networks, com-
paring them with the commonly used square error function E = (y — d)*. Genetic training is used to
allow generalised target functions, possibly non-continuous and non-differentiable. The proposed ideas
are tested on the problem of stock price prediction, using amodel of profit as the target function.

1. Motivation

Thiswork deals with the model of multi-layer neural networks. The model is widely known; the definition
can be found for examplein the original work [6]. Multi-layer neural networksemploy supervised training,
using a finite training set T = {(;, J;-)} of pairs of input vectors and desired output vectors. The aim
of training is to find such parameters of the network (weights, thresholds) that minimise a target function
E(d;i;,y:;), summed over al the output neuronsand al thetraining patterns (y;; standsfor the actual output
of the network; for simplification, we will omit theindicesin the following text).

Rummelhart ([6]) proposed square error function £ = (y — d)? asthe target function and it is widely used
till today. Its advantage include the fact isthat it is ssmple and natural. The fact that it penalisesthe distance
between the desired and the actual output makes it applicable, with a better or worse success, on al kinds
of problems without requiring a special knowledge about the character of the problem.

This article however studies the case when we have a specific knowledge about the problem and wish
the network to learn this knowledge. This can be, for example, the case of economic (e.g. stock-price)
predictions. There is a difference between the following two cases:

1. The system predicts a (significant) price growth g and the real price growthis0.
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2. The system predicts a zero price growth and the real price growthis g.

A broker following the advice of the system buysthe stock in thefirst case, expecting a price growth and a
profit. He does not achieveait, but he loses only the transaction costs, as the stock he purchased has retained
its value. In the second case, the trader does nothing, because stagnation is expected. His profit is zero, but
his suffers an opportunity loss — he could have made profit by buying the stock.

This knowledge cannot be taught using the standard error function E = (y — d)2, because E depends only
on the difference between the actual and the desired output, which isequal in the two cases. We need amore
general target function that would be able to incorporate this kind of problem-specific knowledge.

2. Alternative Target Functions

The standard training algorithm for multilayer neural networks is the Back-Propagation algorithm ([6]).
This is a gradient-descent algorithm, requiring the target function E to be differentiable in y. While the
standard error function E = (y — d)? fulfils this condition, the desired target function that incorporate our
specia knowledge may not fulfil it.

A possibleway how to deal with thisproblemisto approximatethe desired target function by adifferentiable
function. Works [4] and [5] use this solution. The first of them approximatesthe desired target function by
abi-quadratic function of theform A,d”> + A,d + Byy® + B1y + Cdy + D; the second one uses a modular
approach, training a special neural network, called relief error network, to approximate the desired target
function. Both of these solutions achieved good results, improving both the networks performance and
generalisation ability, compared to the standard error function. Yet they are mere approximations; the next
logical step was to apply the desired target function directly.

An example of such target function follows — it is a model of the daily profit a broker would gain if he
followed the advice of a stock price prediction system, in our case of a neural network. In this case, the
actual output y isthe price growth/fall predicted by our system. The desired output d isthe real growth/fall
achieved on the stock exchange. To make the model more realistic, we will take into account the transaction
costs c. All of y, d and ¢ are expressed as aratio of the price. The profit P isthen modelled as follows:

P =d—ciff y > ¢, (pricerise prediction, recommendation to buy)

P = —d—ciffy < —¢, (pricefal prediction, recommendation to sell)

P = 0 otherwise, (stagnation or small change prediction, no action recommended)

and the target function we employ is simply — P (we want to maximise the profit, while the target function
is being minimised).

Note that the model, though rather simple, reflects the behaviour of thereal system described in the previous
section —for g > ¢, E(0, g) # E(g,0). Thefirst case leads to the loss of the transaction costs; the second
one causes no factual loss, but represents the opportunity loss.

Note that the target function is not differentiable in y; it is even discontinuous in points, wherey = ¢ or
y = —c. Wethus cannot apply the gradient descent BP-al gorithm to teach the network using the profit-based
target function.

3. Genetic Training

Wewill train our network using genetic algorithms, in order to be ableto usethetarget function — P. Genetic
algorithms (seefor example[3] for more detailed information) perform distributed cooperating search in the
solution space. Each prospective solution is coded in the form of achromosome, a string of one-bit, two-bit
or real values. Each chromosomeis assigned afitness, reflecting how suitable the corresponding solutioniis.
The GA maximises the fitness using genetic operators on a population of chromosomes. Selection ensures
the overall improvement of fitness, crossover combines schemes in existing individuals in order to create
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new patternsin new individuals and mutation makes random modifications, helping the system to produce
brand new prospective solutions and avoid local minima.

When training neural networksusing GAs, the chromosome can consist of real-valued genes, each represen-
ting asingle parameter of the network — aweight or athreshold. The fitness of such chromosome-network
is the negative value (because GAs maximise fitness) of the target function applied on the network and the
training set, divided by the size of the training set, i.e. the average value reached per training pattern.

Genetic training of neural networks usually have several drawbacks compared to gradient methods — it
tends to be slower and its results are poorer. On the other hand, it does not suffer from the local minima
problem so much. However, the main benefit of genetictraining for usisthat it allows usage of general target
functions. Our hypothesisis that the use of these target functions will balance (and hopefully outperform)
the drawbacks of genetic training.

4. Stock Price Prediction

We have compared the performance of the proposed approach with that of using the standard error function
on the problem of stock price prediction, using the profit-based target function described in Section 2.
The aim was to predict the stock price change in the following trading day, knowing a history of (five)
previous price changes and additional information about the trading, such as the volume of trade, the
position of the latest known price in the long-term history, the supply/demand ratio etc. The raw data from
the stock exchange required extensive pre-processing, from tranforming absol ute prices on price changesto
application of Principal Component Analysis (PCA) (see e.g. [2]).

We used Matlab as the platform for programming the experiments. In order to implement genetic training,
we have interconnected Matlab’s neural network toolbox with a GA toolbox developed by Houck, Joines
and Kay ([1]). Series of experimentswere carried out, in order to determine and tune the parameters of the
tested methods. We used the same architecturefor both the standard error function and the profit-based target
function, in order to keep the conditions as similar as possible. The architecture was 9-15-1, which means
that the network had 150 weights and 16 thresholds and was thus represented by a real-value chromosome
with 166 genes.

For the genetic training we achieved the best results with a population of 1000 chromosomes, using the
normalised geometric ranking, simple one-point crossover and uniform mutation as the genetic operators.
Using normalised geometric ranking, the probability of selecting the i-th individual from the population
equals

q _
Pi p(l—Q)T 17

T1-(1-g)

where r is the rank of the i-th individual according to the fitness, ¢ is the probability of selecting the best
individual and P is the population size. The parameter ¢ was set to 0.08. Simple crossover just randomly
selectsapoint in the chromosomes of the parents and creates the offspring by exchanging the parents' genes
located rightwards of the position. Uniform mutation randomly selects one gene and assigns it a uniform
random number from the permitted space of values (interval (—10, 10) was used as the permitted space for
the gene values).! The probabilities of crossover and mutation were 0.5 and 0.2, respectively. The evolution
continued until the best individual reached the fitness of 0.43 or for 200 generations.

Generalisation: In order to estimate and compare generalisation abilities of the methods, we divided
the known data into a training set, which was used during the training period, and the test set, unseen
by the networks during training and used for measuring their performance on unknown data. The training
set contained 75% of the data; the test set contained the remaining 25%. We propose randomisation of
the training data as a method for improving generalisation. This method adds small random noise to the
input component of each training pattern during each run of the training process (or evolutionary process,
respectively). The aim is to prevent overfitting of the network and to teach the network that similar inputs

1For detailed definition of the mentioned genetic operators, see [1].
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should produce similar outputs. We have tested the method for BP-training earlier and it really improved
generadisation. The question was whether it would be efficient also when applied on the genetic training,
where therole of thetraining set is dightly different — it isin fact a part of the fitness function.

We compared the proposed methods by carrying out 200 experiments. During each of them, three networks
were trained - one using the standard error function, one using the profit-based target function with rando-
misation and one using the profit-based target function without randomisation. The table below containsthe
averaged results both on the training set and the test set. The division into the training/test set was carried
out randomly for each of the 200 experiments.

Target function Set | Squareerror | Direction correctness | Profit
Standard Train 0.033 81.8% 0.474%
Test 0.050 73.6% 0.164%
Profit-randomised | Train 0.182 78.4% 0.403%
Test 0.221 73.9% 0.196%
Profit-pure Train 0.178 79.5% 0.433%
Test 0.220 73.3% 0.188%

Tabulka 2: Comparison of performance of the standard error function and the proposed target function on the problem
of stock price prediction, separately for thetraining set and the test set. Thefirst couple of rows containsthe
resultsfor networkstrained by BP-training algorithm and applying the standard error function. The second
and third couple show the results of networks trained genetically and using the profit-based target function.
Rows 3-4 contain the results when applying training data randomisation; rows 5-6 use pure training data.
Several measures of success are presented - summed-square error, direction correctness (the percentage
of correct prediction of price rise/decrease) and the average daily profit model defined in Section 2

Several facts are worth mentioning as regards the results. The profits all the models achieved, even on the
test set, are quite high. A daily net profit, including the transaction costs, between 0.15% and 0.20% is
not bad at al, even though we must be aware of the fact that it is just a smple model, not modelling e.g.
demand/offer excesses etc. The fact that the networks are able to predict correctly whether the stock will
rise or fall in almost three cases out of four is also quite good, despite of the fact that the data include about
10% of cases with no change at all, where each of the predictionsrise/fall is correct.

We can see that the profit-based target functions show higher profit than the standard error function on the
test data, while their performance on the training data is worse. This could suggest that the generalisation
ability of the method we propose is higher on this problem. A similar result, though less distinct, give the
profit-trained networks with and without randomisation. This supports the assumption that randomisation
improves generalisation ability also in the case of genetic training.

The direction correctness results all three methods achieved on the test set are roughly similar. However,
the networks trained by the standard error function needed visibly higher correctness on the training set to
achieve this, which would once again suggest that the generalisation of the networks trained on the profit
was higher.

In the case of summed square errors, the standard error function distinctly beats the profit-based target
function, no matter if randomisation is employed or not. That is however rather natural — the aternative
target function did not teach the networks to minimise the difference between the desired output and the
actual one, but to maximise the (modelled) profit. The networks have apparently learnt that it pays off to
be courageous — they propose trading in almost every trading day (more than 98% of cases), while the
standard error function sticks to the training data, proposing trading in slightly more than 70% of cases; the
share of trading days when buying or selling was actually advantageous according to thereal datawas 73%.
We can say that the networks trained using the profit-based target function have proven that to undergo the
danger of loss of the transaction costs is under this model more advantageous than to risk the opportunity
loss.

The price we pay for the better profit and generalisation is speed. Training one network genetically with
the parameters we found as the best takes many times longer than training the same network using the
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BP-training algorithm and the standard error function. The reason is that the size of the population as well
asthe number of generationsishigh. Further fine-tuning of the parameters of the evolutionary process could
probably somewhat speed up the training process, but it will hardly get close to the speed achieved by the
standard training. These results once again support the rule that genetic teaching is slower than gradient
methods.

5. Conclusion

This article proposed a method of applying general types of target functions for training multilayer neural
networks. Training the network using genetic algorithms allowed us to use non-continuous and non-
differentiable target functions, which can be useful for teaching the network a specific knowledge we
might have about the particular problem.

We have illustrated the approach on the problem of stock price prediction. A generalised target function
based on amodel of profit succeeded to teach the network a special knowledge— that arisk of unnecessary
buy or sell order is more acceptable than a rise of an opportunity loss. The outcomes also suggest that
randomisation of the training data somewhat improves the generalisation of neural networks, even if they
aretrained using genetic algorithms.

Further attention should be paid to fine-tuning the model of stock price prediction using profit-based target
functionsand genetic training, especially asregardsthe length of training, which isvery high in comparison
with standard training. A summary and comparison of the methods of aternative, generalised target functions
proposed in this article and the previous ones is supposed to follow.
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Abstrakt

Metody vnitfnich bodl jsou efektivnim nastrojem pro feSeni obecnych problémi nelinearniho pro-
gramovani, zejména tehdy, je-li Uloha velka a strukturovana. Abychom zarucili globalni konvergenci
algoritmu, je vyhodné pouzivat mySlenku metod s lokalné omezenym krokem ve spojeni s vicekriteri-
alnim rozhodovanim pfi vybéru nového priblizeni. V tomto pfispévku je zformulovana Gloha nalezeni
lokalné omezeného kroku pro metody vnitfnich bodll a ukazanaiteraéni metoda, zal ozena na predpodmi-
néné metodé sdruzenych gradientll, slouzici k jejimu FeSeni.
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Abstrakt

Compactness is an important property of classical logic. It states that simultaneous satisfiability of an
infinite set of formulas is equivalent to the satisfiability of all itsfinite subsets. In fuzzy logics, we have
different degrees of satisfiability, hence the questions of compactness become more complicated. Herewe
give an overview of recent results on compactness and we extend them to various fuzzy logics.

This paper is ajoint work with Mirko Navara from the Czech Technical University (cf. [6]).

1. Introduction

Dealing with vague or uncertain information, we often replace the two classical truth degrees 0,1 by a
continuous scale [0, 1]. Then we have also various possibilities how to define the interpretation of the basic
logical connectives. Depending on this choice, we obtain various fuzzy logics. We refer to [2, 9, 10] for a
detailed description of the most frequent approaches.

In classical logic, a set of formulas is satisfiable if there is an evaluation which evaluates them all by 1.
The compactness theorem holds for classical logic: A set of formulas is satisfiable if and only if al its
finite subsets are satisfiable. It is natural to ask in which fuzzy logics analogues of this theorem hold. As
the first step, we have to generalize the notion of satisfiability. We may again require all formulas to be
evauated by 1, but thisis not the only possibility. Sometimes other alternatives are well-motivated, hence,
following [2], we work with K -satisfiability, where K can be an arbitrary subset of [0, 1]. We say that a set
of formulasis K -satisfiableif thereis an evaluation which evaluatesthem all by valuesin K. (In particular,
we get the former case if we choose K = {1}.) Using K -satisfiability, we may formulate various types of
compactness. Here we present new results about validity of compactnessin the most frequently used fuzzy
propositional logics.

In particular, we prove that product and Godel logic do not satisfy the compactness property, but we present
also partial positive results. Then we extend these observationsto logics with Baaz A operator, logics with
involutive negations, and LIT logics which form acommon extension of Lukasiewicz and product logic. We
prove that most of these stronger logics do not satisfy the compactness property and even more—they are
not K-compact for almost all forms of the set K.
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2. Basic fuzzy logical operations

Following [9, 10], we deal here with logics which have the real interval [0, 1] as the set of truth values and
the following basic connectives:
e nullary false statement 0, interpreted by O,

e binary conjunction A, interpreted by a t-norm T:[0,1]> — [0,1], i.e, a commutative,
associative, non-decreasing operation with a neutral element 1,

e binary implication —, interpreted by the resduum R of 7', i.e.,
R(z,y) =sup {z € [0,1] : T(z,2) <y} .
We start from anonempty countableset A of atomic symbols (atoms) and we define the class of well-formed
formulas in a fuzzy logic (formulas for short) in the standard way. Each function which assigns truth

values to atomic formulas is uniquely extended (using the interpretations of connectives) to an evaluation
e: Fp — [0, ].]

In this approach, the semantics of the logic is fully determined by the choice of the t-norm T'. The three
basic triangular normslead to the following three main examples of fuzzy logics:

e For theminimum T (x,y) = min(z, y) we obtain Godel logic G.
e For thetriangular norm T, (z,y) = max(z +y — 1,0) we obtain Lukasiewicz logic L.

e For thealgebraic product e (z,y) = x - y we obtain product logic II.

The respective residuain these logics are:

1 ifz<y,
Rg(z, = =
a(@,9) {y otherwise,
1 ifex <y,
Ryp(x, = —
L(z,9) {1 —xz+y otherwise.
1 ifz<y,
Be(z.y) = (u otherwise .
T

The residuum Ry, is continuous, R¢ is not continuous in the points (z,z), 0 < z < 1, and Rp has a
discontinuity in (0, 0).

Using the basic logical connectives A, — and 0, we can define derived logical connectives. Negation — is
defined as

p=¢p—=0.
Itsinterpretation is the fuzzy negation IV given by
N(z) = R(z,0) =sup {z € [0,1] : T(z,2z) =0} .

In Lukasiewicz logic thisleads to standard negation Ns(z) = 1 — «, in Godel and product logic we obtain
Godel negation

1 ifz=0
Ng(z) = ’
c(@) {o ifz>0.

For additional information on these logics, we refer to [9, 10]. Their detailed study and the proofs of
completeness can be foundin [10, 11].
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Furthermore we examine the compactness property for logics with the set of connectives extended by an
additional unary connective A (0-1 projector or Baaz delta) with interpretation A defined by

1 if z=1,
Az) =
0 if z<1.

Taking the Godel, Lukasiewicz, or product t-norm as the interpretation of conjunction, we obtain Godel,
Lukasiewicz, or product logic with A denoted by Ga, LA, I, respectively.

Then we examine the compactness property for Godel and product logics with the set of connectives
extended by an additional unary connective ~ (involutive negation) interpreted so that e(~ @) = 1 — e(¢p).
We call these logics Godel involutive and product involutive logics. We will denote them by G and TI...
They were introduced by Esteva, Godo, Hgjek and Navarain [7]. (For Lukasiewicz logic, this notion does
not bring anything new asit already contains an involutive negation.)

Then weinvestigate the compactness of LIT and LH% propositional logics. Theselogicswereintroduced by
Esteva, Godo, and Montagnain [8]. Then they were studied mainly in [4] and [5]. They unify Lukasiewicz
and product logics (and many others) and have many interesting properties (such as completeness), but we
shall see that they lack the compactness property and are not K -compact for an almost arbitrary set K.

The LII logic has three basic connectives: Lukasiewicz implication and product conjunction and product
implication. Furthermore, it has all other connectives of product, Godel and Lukasiewicz logics, including
the A connective.

LII logic has the same standard semantics as product involutive logic. And the LH% logicisLII logic with
an additional nullary connective ¢ (a hon-trivial constant statement) interpreted by an arbitrary element ¢
from the openinterval (0, 1).

3. Satidfiability and compactness property

We present an analogue of the notion of satisfiability in fuzzy logics. It is natural to admit various degrees
of simultaneous satisfiability of a set of formulas.

Definition 1 For aset " of formulasin a fuzzy logicand K C [0, 1], we say that T is K -setisfiableif there
existsan evaluation e such that e(p) € K for all p € T'. Theset T issaid to befinitely K-satisfiableif each
finite subset of I is K -satisfiable. Formula ¢ is called K -satisfiableif the set {¢} is K -satisfiable.

K-satisfiability obviously impliesfinite K -satisfiability. The reverseimplication holdsin classical logic, as
well asin some fuzzy logics. This property is called compactness of alogic.

Definition 2 We say that a logic is K-compact if K-satisfiability is equivalent to finite K -satisfiability.
Alogic satisfies the compactness property if it is K'-compact for each closed subset K of [0, 1].

In the latter definition, it is necessary to consider only sets K which are closed (hence al so compact), aswe
shall show in the next section. The following two observationswill simplify our study:

At first observethat if we extend the set of connectives of alogic, L, then the resulting logic, L', becomes
“less compact”, i.e., if L' is K-compact (resp. has the compactness property) then L is K-compact (resp.
has the compactness property). Thisis obvious since each counterexampleto K -compactnessin L isalso a
counterexample to K -compactnessin L'.

Then observe that if {0,1} C K, then for any formula ¢ there is an evaluation e such that e(p) € K (it
suffices to evaluate all atomic symbols by 0, then the evaluation of each each formula becomes either 0 or
1). Thuswewill restrict ourselvesto sets K not containing 0 and 1 simultaneously. We will a so observethat
in various logics K -compactness depends on presence 1 in K. Therefore the following classes of subsets
of [0, 1] will beimportant in the study of satisfiability and compactness:

Definition 3 A nonempty subset K of [0, 1] isof type C'if 0 ¢ K or 1 ¢ K. Furthermore, if K isof type C
we define other type C; if 1 € K.
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4. Theresults

Thefollowing tables summarize our results. Thefirst columnindicates the types of logics, the second shows
whether the logic enjoys the compactness property. The third column deals with K -compactness property
for the sets of type C' and the last one deals with the remaining sets. The possible elements of these tables
are

All logicis K-compact for al sets of thistype

None logic is K-compact for no set of thistype

4y logic is K -compact at least for all sets of type C

Compact logicis K-compact exactly for all compact subsets

Dense logicis K-compact at most for those sets with a dense subset

Q logic is K -compact at most for those sets containing all rationals

We a so present adiagram of logics studied in this paper ordered by the richness of their sets of connectives.
Notice that the results depends on the cardinality of the set of atomsfor G, G, G.. logics.

Tabulka 3: K-compactnessfor finite and infinite sets of atoms

K -compactnessfor finite sets of atoms L I G
Logic Compactness c non C
L Yes Compact | All {
I No Cy All
G,Gx, G- Yes Al Al La Ia Ga
La,IIA, II., LIT No None All
LIT; No None Q
Im. G.
K -compactnessfor infinite sets of atoms
Logic Compactness c non C /
L Yes Compact | All
I, G No C All LI
Ga, G No Dense All
La,IIA, II., LIT No None All
L1 No None
2 Q LI

5. Conclusion

We studied varioustypes of fuzzy logics—L ukasiewicz, Godel, and product logic, logicswith A, logicswith
involutive negation, LII logic and LH% logic. We have found out that the analogue of classical compactness
property holdsfor Lukasiewicz logic. In some other logics at least partial positive results were obtained. In
general, enriching the set of connectiveswe weaken the compactness of thelogic. The LH% logic represents
the extreme case as it does not satisfy K -compactness for an amost arbitrary subset K C [0, 1].

There are several open questions. Is Godel or product logic K -compact for some sets K of type C' which
arenot of type C, ? (Theanswer is positivefor the set {0}.) Is Gddel logic with A or Godel involutivelogic
K-compact for all sets K containing a dense subset? |s LH% logic K-compact for all sets K containing all
rationals from [0, 1]? How many atoms are really needed to prove our theorems? (We know that all results
presented here can be proven with three atoms, some properties with two atoms, and sometimes only one
atom is sufficient.)

On the other hand, these are the only questions unanswered in our paper—for al the other combinations of
alogic and asubset K C [0, 1] the problem of K -compactness has been solved here.
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Abstrakt

The propositional tautology problem for any logic given by a continuous t-norm is coNP complete.

1. Foreword

This paper is a preliminary and incomplete version of [5]; some proofs have been omitted for the sake of
brevity, and for the same reason, it is impossible to give a full introduction to the topic. A comprehensive
treatment of the approach we follow will be found, e. g., in [4].

2. Introduction

t-algebras (or standard agebras) are a frequently used class of algebras of truth values for many-valued
logics. Each t-algebrais determined in a unique manner by a continuoust-norm on [0, 1] (hence the term).

It is known that the propositional logic BL, investigated in [4], is complete w. r. t. the tautologies of al
t-algebras. This result comes from [3]. It is also known that some t-algebras are BL-generic; [1] gives
a characterization of these. Moreover, [2] shows the tautologies of all t-algebras (or equivalently, the
propositional BL) to be coNP complete. Thus the complexity of the propositional tautology problem is
settled for BL-generic t-algebras.

Three important schematic extensions of BL, namely the logic of Lukasiewicz, of Gddel, and the product
logic, have been investigated thoroughly, and their propositional tautologies have also been proved to
be coNP complete ([4] gives further references; in particular, the coNP completeness of propositional
L -tautologies comes from [7]).

The aim of this paper isto adjust the algorithm presented in [2] and prove the following claim:
Theorem 2.1 For any t-algebra, the propositional tautology problemisin coNP.
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Once established, thistheorem settles the question of complexity of propositional tautol ogiesfor an arbitrary
t-algebra, in combination with an earlier result:

Theorem 2.2 For any t-algebra, the propositional tautology problemis coNP hard.

This comes from [2] for t-algebras starting with an L (proved via reduction of propositional L-tautologies,
prefixing a negation to each propositional variable) and from [4] for t-algebras not starting with an L
(proved viareduction of propositional Boolean tautol ogies, prefixing adoubl e negationto each propositional
variable).

Throughout the paper we use heavily the Mostert-Shields decomposition theorem for continuous t-norms,
originating in [6], and employ some rather informal notation based on it. The statement of the theorem is
that the “backbone” of any continuoust-normisformed by a countable closed subset I of [0, 1] (we usethe
term ‘cutpoints' for the elements of ), and on each of the closures of the open intervals which form the
complement of I, thet-norm isisomorphic to either Lukasiewicz, Godel, or product t-norm (on [0, 1]). For
this reason each t-algebrais an ordinal sum of copies of Lukasiewicz, Godel, and product algebras, which
we habitually call segments and denote with symbolsL, G, and IT. We stress that each copy of Godel counts
as one segment, thus, e. g., [0, 1]y.aaemn 1S at-algebrawith three segments, namely a sum of a copy of the
Lukasiewicz algebra, a copy of the Godel algebra and a copy of the product algebra; the type of the sum is
Lo GaII. We disregard the exact positioning of the set I within [0, 1].

3. Finiteordinal sums

[2] gives an NP algorithm recognizing BL-couterexamples. In fact, it shows more than that: by a trivia
maodification, for any finite sum of L-segments only, the set of its non-tautologiesisin NP,

To prove our claim for finite ordinal sums, we generalize the algorithm of [2] to recognize non-tautologies
(i.e., formulas for which there is a counterexample evaluation) in an arbitrary fixed t-algebra which is a
finite ordinal sum. Fix A assuch at-algebra, and let n beits cardinality (i. e., the number of segmentsin the
sum). For apropositiona formulap, let m = 2|p|, where || isthe number of occurrences of propositional
variablesin ¢ (som isan upper bound on the number of the subformulas of ).

What follows is, we claim, an NP algorithm which for an input formula o decides whether there is an
evauation e in A s. t. e(p) < 1. It is a modification of the algorithm of [2]: we drop, for the moment,
the step which guesses the cardinality of the sum, since A is fixed. The generalization, which adds a
check for G-segments and TT-segments, comes in the checkl nt er nal () step, which will be discussed
subsequently.

/1 algorithmfor finite sumA

{

cut poi nt Vari abl es() Introducevariableszy < --- < z, for the cutpoints of A (thus z, isintended
for 0 and z,, isintended for 1).

i nterval Vari abl es() Foreachi = 0,...,n — 1 introduce variables z; = yio < yi1 < -+ <
yim = zi+1 We cal these the variables belonging to i. By convention, two variables which are equal are
interchangeablein all contexts (thusalso z;, z;+1 belongtoi,i =0,...,n — 1).

Since the values of all subformulascould belong to a single segment and each subformulacould evaluate to
adifferent element of the segment, it is vital to have enough variablesbelongingto eachi = 0,...,n — 1.
Notethat thisis so, since each i containsm + 1 = 2|p| + 1 variables, of which two represent the cutpoints,
while the total number of subformulasis at most 2|p| — 1; so the number of variablesis sufficient for any
type of evaluation.

SetC ={z0,...,2n} U{yijli=0,...,n—1, j=0,...,m}.
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guessAssi gnnment () Guessan assignment f of variablesin C' to subformulasof ¢ (an “evaluation” of
subformulas of ¢ with variablesin C), s. t. f(y) isnot z,,.

checkExt er nal () Check external soundnessof f: if u,v € C, f(v1) = u, f(p2) = v, then

o if 1 &y isasubformulaof ¢ and, for somei, u < z; < v, then f(p1&p=2) = flp1) = u;
o if o1 — ¢y isasubformulaof p andu < v then f(p1 —= p2) = 2zy;

e if o3 — ¢y isasubformulaof ¢ and for somei, u < z; < v, then f(p2 = ¢1) = f(p1) = u.

checkl nt ernal () Check internal soundness of f for each segment. Consider the i-th segment. For
each subformula &y S.t. f(p1) = yi; and f(p2) = yir, if f(p1&p2) = yu (that is, all three variables
involved belong to 7), put down an equation y;; * ¥, = s, and for each subformulag: — @2 s t. f(p1) =
yij and f(p2) = yir, where j > k, if f(¢1 — ¢2) = ya, put down an equation y;; = yi, = yur. Check
whether these equations, together with the sharp inequalities ;o < - -+ < yim, have asolution in the i-th
segment of the sum, s. t. y;0 and y;,, evaluate to the lower and upper cutpoint of the segment, respectively.

}

Thelast check in the above algorithm isthe same asfinding a solution in the L ukasiewicz, Godel, or product
t-algebra (depending on the type of the i-th segment in A), s. t. y;0 and y;,, are evaluated by 0 and 1,
respectively. [2] presents an NP algorithm which performsthis check for L-segments, so it remainsto show
how to perform it for G-segments and for II-segments.

Observation 1 The solvability of the above system of equationsand sharp inequalitiesin G can be checked
inlinear time (w. r. t. |p|).

For the product t-algebra we use the following lemma.

Lemma 3.1 The abovementioned system of equations and sharp inequalities is solvable in II iff it has a
solution in an algebra of type L&L such that y;o iSOpqp, and y;1, . . ., yim areevaluatedin (h, 1], where h
isthe non-extremal cutpoint.

Proof: Follows from the isomorphism of the cut product algebrawith L. Anm + 1-tuple0 = ag < -+ <
ap, = lisasolutionin IT iff, introducing acut ¢ so that ay < ¢ < ay and using an isomorphism g to map
a1,..., 0, iNto (h, 1] in LeL, Of 4y, together with g(a4), ..., g(a») formasolutionin L&L. QED

Thus, to check solvability in the product t-algebra, we first eliminate al equations involving y;0; the
soundness of any such equation can be, and indeed has been in part, checked “externally”; for the remaining
cases, check, for any u, v belonging to i, that if u x v = y;0 then either u or v isy;o, that if u = v = ¥y,
(and u > v) then v is y;0, and that © = y;0 = y;0. Then we consider the remaining equations and sharp
inequalitiesin L, introducing a new inequality 0 < y;1, and check solvability of this system of equations
and inequalities using the NP agorithm for solvability in L, referred to in [2].

Finally, it isobviousfrom the construction of the algorithm that the output is‘yes' (on at |east one branch) iff
theformulay hasacounterexampleevaluationin A, i. e., isnot an A-tautology. Thusthe set of A-tautologies
isin coNP.

4. Infinite ordinal sums
Itisknown ([1]) that at-algebrais BL-generic iff it isan ordinal sum starting with an L and with infinitely

many copiesof L. Sincethe tautologies of BL are coNP complete, so are the tautol ogies of each BL-generic
t-algebra.
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Also, it is easy to see that t-algebras which are ordinal sums not starting with an L and having infinitely
many copiesof L are SBL-generic. To follow this observation, recall that a counterexample evaluation in T1
can be locally embedded into L&L. Now let A be at-algebrawith infinitely many copies of L, not starting
with an L. Assume ¢ is hot an SBL-tautology, and let B be an SBL-algebrain which ¢ does not hold. We
may assume that B is afinite sum of L’s and IT's only (thus starting with a IT). Then the counterexample
evaluation can be locally embedded in A, mapping theinitial IT segment of B to any two L-segments of A
(not necessarily adjacent), each of the following L-segmentsof B to arbitrary L segmentsof A, and each of
the following IT-segments of B to any two L-segments of A, all in increasing order w. r. t. the ordering of
theintervalsin [0, 1].

Theorem 4.1 The propositional logic SBL is coNP complete.

Proof: If ¢ isnot an SBL-tautology, then it has a counterexamplein afinite ordinal sum whose first element
isnot an L. Thus we may modify our algorithm by prefixing steps guessing the cardinality of the sum and
itstype. Let k be the number of propositional variablesin ¢.

/1 algorithmfor SBL

{

guessCardinal ity() Pickatrandomanatura n,0 < n < k + 1.

Lemma4.2 Let k bethe number of propositional variablesinaformula . If p hasan evaluatione(p) < 1
in any t-algebra, then it hasan evaluation e’ (¢) < 1 inat-algebrawhichisan ordinal sumwith cardinality
atmost k + 1.1

guesslLayout () Assigntoeachi = 1,...,n oneof the symbolsL, G, II, signifying the type of the i-th
segment of the sum, in such away that the first symbol is not an L. We use the term * constructed sum’ and
the symbol C' to denote this finite sum.

cut poi nt Vari abl es()
i nterval Vari abl es()
guessAssi gnment ()
checkExt ernal ()

checkl nternal ()

}
This modification is an NP agorithm recognizing SBL counterexamples, so the propositional tautology
problem for thelogic SBL isin coNP. QED

It remains to discuss the complexity of tautologies of an arbitrary infinite ordinal sum with only finitely
many (possibly no) copies of L.

Fix such an algebra A, denote p the number of its L-segments, and define its representation S4: a finite
sequence of length p + 1, each element S [i] determining the type of the subsum between two consecutive
L-segments (S4[0] before the first L-segment and S4[p] after the last L-segment in 4). S4[i],i = 0,...,p
is one of the following:

e () if the subsumisvoid;

IThisisjust avariant of asimilar result in [2].
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e oo if there are infinitely many G-segments (thus there is an infinite aternating subsum of G’s and
Il's);

e (for finite number p; of G-segments) a sequence S“[i] of length p; + 1, determining the number
of TI-segments between each two consecutive G-segments (also before the first and after the last
G-segment). The j-th element of the sequence, j = 0, ..., p; isanatural number in the range [0, oo].

Thisis a handy finite representation of A. Note that using S, we may introduce indices for the segments
of A inthefollowing way:

e Any L-segment is uniquely determined by a natural number in the range[1, p|.

o A G-segment iseither determined by atuple of natural numbers (i1, i>),41 € [0,p],i2 € [1,p; ], ifitis
thei,-th G-segment after the i, -th L-segmentin A, where S4[i; ] isnot oo; or, if S4[iy],iy = 0,...,p
is 0o, the G-segmentsin the i, -th subsum may be for our purposesreferred to by atuple (i;, ANY).

e A II-segment is either determined by atriple (i1, i2,i3),i1 € [0,p],i2 € [0,p;,],i3 € N, if itisthe
i3-th TI-segment after the i,-th G-segment after the i, -th L-segment in A, where S4 [i1] isnot oo and
S4T7i1][ia] isnot oo; or, if SAi1] isnot oo but SAi1][iz] iS00, i1 = 0,...,p,is = 0,...,p;, al the
IT-segments in the subsum of II's after the i»-th G-segment after the 4, -th L-segment in A may be

referred to by atriple (i1, i», ANY); or, if S4[i;]isoo,i; = 0,...,p, al the [I-segments in the i, -th
subsum may be referred to by atuple (i;, ANY).

We shall now present an NP algorithm recognizing counterexamplesin A. As before, let the input formula
¢ begiven, k be the number of its variables, and m = 2|¢|.

/1 algorithmfor infinite sumA

{

guessCardinal ity() Pickatrandomanatura n,0 < n < k + 1.

guesslLayout () Assigntoeachi = 1,...,n oneof the symbolsL, G, II, signifying the type of the i-th
segment of the sum.

We use the term ‘ constructed sum’ and the symbol C' to denote this finite sum.
/1 fromnow on the algorithmwrks with C

checkEnbeddi ng() Check whether the constructed sum is 1 — 1 embeddable into A (as a sequence
of symbols into a sequence of symbols), in such away that a potential initial L of the constructed sum is
mapped to aninitial L in A. It isvital that initial L remainsinitial in A, since otherwise a counterexample
in the constructed sum need not be a counterexamplein A.

cut poi nt Vari abl es()
i nterval Vari abl es()
guessAssi gnrent ()
checkExt ernal ()
checkl nternal ()

}

We discuss in more detail why the checkEnbeddi ng() step does not violate the NP nature of the
algorithm.
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Lemma 4.3 The embeddability of the constructed sum C' into A can be checked by an NP algorithm
(w. r. t. the length n of C).

Proof: The (nondeterministic) algorithm constructs the embedding a by assigning to each segment of C' an
index of itsimagein A, using the abovedescribed indices.

Denote max the maximum of the numbers p, po, . . ., pp, . This number is the maximum natural number
that can occur in any index guessed by the algorithm. Note that this number is independent of the input C'.
(Although some TI-segments could have indices with arbitrarily high numbers (as the third element), we
use n as an upper bound, since C' has the cardinality n, thus a suitable embedding can be always found in
an initial n-segment fragment of the infinite subsum.)

First the algorithm guesses an index for each segment of C': indices of L-segments are natural numbers;
indices of G-segments are tuples, the first element of which is a natural number and the second element
is a natural number or the symbol ANY; indices of II-segments are either tuples, consisting of a natural
number and the symbol ANY, or triples, the first and second element of which are natural numbers and the
third element is a natural number or the symbol ANY. Any number occurring in any index must be within
[0, maz].

Subsequently the algorithm performstwo checks, to find out whether there are segmentsin A referred to by
theindices (thisis checked using S“) and whether the assignment of indicesis 1-1 and increasing (w. r. t. the
ordering of segmentsin C' and in A). Both these checks can be performed in polynomial time (the detailed
proof is omitted), thus the algorithm is NP. QED

Again, it isclear that the output of the algorithmis ‘yes' (on at least one branch) iff the formulay isnot an
A-tautology, thus A-tautologies are in coNP.
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Abstrakt

V tomto prispévku se budeme struéné vénovat problematice rozhodovacich stromt a lesl. Ukazeme,
Ze tyto metody jsou pomérné zajimavé z hlediskafedeni klasifikatnich problémd, ke kterym jsou zejména
vyuzivany. V (vodu €lanku se nejdfive velice struéné seznamime se zakladnimi znamymi metodami pro
konstrukci rozhodovacich stromii a lesli a poté si ukazeme vysledky experimentll na datech z projektu
MAGIC-telescope a z nich plynouci zavéry a podnéty pro dalSi praci.

1. Uvod

V této Gvodni &asti s zavedeme nékteré dileZité pojmy, se kterymi budeme dale v ¢lanku pracovat.
Rozhodovaci stromy a lesy se Casto pouzivaji jako klasifikétory, tedy néstroje, které umi klasifikovat
nezname pripady do rliznych tfid. Abychom mohli ngjaky strom &i les natrénovat potfebujemek tomu ugici
mnoZznu, coZ neni nic jiného nez mnoZina vektord (dat) se znamou klasifikaci, na zakladé niz takovy strom
dokazeme zkonstruovat. Ueni s ucici mnozinou nazyvame uceni s ucitelem.

Predpokladejme nyni, Ze data, ktera zkoumame, jsou charakterizovana r atributy (proménnymi) z;. Tyto
atributy se vétSinou uvazuji bud numericke (redl né) nebo kategoriani (nabyvajici hodnot z néjakée konecné
mnoziny). Pak vektor x = (z1, ... ,z,) necht je pro nas vektorem mé&fenych hodnot. Ozname s X jako
mnozinu viech takovych moznych méfeni. Dale necht mnozinaC' = {C4,... ,C}} je pro nas mnozina
k tfid, do nichz chceme pfipady z X klasifikovat. Abychom ovsem mohli sestrojit ng§aky klasifikéator,
budeme potfebovat mnozinu pripadl se znamou klasifikaci. Oznatmesi proto mnozinu L = {x;,... ,Xxxy}
jako na& uici mnoZinu (pfesngi multi-mnoZinu, nebot pfipoudtime i nasobny vyskyt vektorll), kde
vektorlim x; pridame k = atributlim specialni r + 1 dozku, ktera bude uréovat tfidu, do niz znamy vektor
naezi. Formangé mizeme zapsat, ze L. C X x C a kazdy vektor x; € L,i € {1,...,N} matvar
X; = (i1, Tir, Tiry1), Kde prvni az r-ta dozka jsou mé&ené veliciny (numerické ¢i kategoridni) a
r + 1 indikujetfidu, tedy z; »+1 € C. Jinymi slovy, jestlize vektor x; nélezi do tfidy C;, pak z;,,+1 = Cj.

NaSim cilem je pak nazékladététo trénovaci mnoziny L vytvorit klasifikator, ktery by po predlozeni pfipadu
s neznamou klasifikaci dokézal urcit (¢i spiSe odhadnout) tfidu, do které pfipad patfi. Klasifikator vlastné
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neni nic jiného nez zobrazeni h : X — C, tedy h(x) = C; znafi, Ze neznaméx € X klasifikétor h zafadil
do tfidy C;. V tomto ¢lanku se zabyvame pripadem, kdy klasifikéator h je rozhodovacim stromem. Jestlize
ke klasifikaci budeme pouZivat vice stromll nez jeden, nazyvame takovy klasifikator rozhodovacim lesem.
Tedy, mame-li mnozinu ¢ stromll {h,. .., h;} anéaké pravidlo pro kombinovani predikci jednotlivych
stroml, je rozhodovaci les opét zobrazeni h* : X — C.

Abychom mohli klasifikatory néjakym zplisobem porovnavat, potfebujeme ovéit jejich kvalitu. Za timto
UCelem se vétSinou pracuje stakzvanou testovaci mnoznou, kteraje definovanapodobnéjako mnozinaucici
a obsahuje rovnéz pripady se znamou klasifikaci. Necht K = {x;,... ,x,} je pro nas testovaci mnozina
(multi-mnozina). Na ni potom miizeme definovat chybu klasifikatoru i napfiklad jako

eh — [{x € K|x|,;;|1 7 h(x)}| (51)span

coZ jerelativni potet nespravnéklasifikovanych vektorli z mnoZiny K. Tento vzorec |ze ovem zobecnit pro
pfipad, kdy mame apriorni informaci o pravdépodobnosti tfid. Toto zobecnéni je pouzito v sekci vénované
experimentlim. Nyni se jiZ budeme vénovat struénému vy&tu a popisu znamych metod.

2. Metody

Metod na konstrukci klasifikatorli ve formé rozhodovacich stromii a lesll je cela fada. Mezi nejznamgsi
patfi bezesporu C4.5/C5.0 od J.R.Quinlana ([1]) a CART ([2]). V&tSinu experimentll provadime pravé s
pomoci téchto dvou metod. Mezi dal& miizeme zafadit novou metodu na konstrukci rozhodovacich lestl
Random Forest ([4]), kterou zkouméame v souCasné dobé, a dale napriklad metody Quest a CRUISE (8],
(6], [7]).

V tomto ¢lanku se nebudeme se zabyvat detailnim popisem téchto metod. Pouze poukadzeme na zakladni
vlastnosti avyhody ¢i nevyhody. Podrobnosti I1ze najit v literature.

2.1. Konstrukce strom{

Vytvareni rozhodovacich stromtl je ve vétsiné implementaci zal oZzeno narekurzivnim déleni ugici mnoziny.
Metody C4.5/C5.0 a CART jsou, co se tyce riistu stromdi do jisté miry podobné. Na zakladé entropie (miry
neurcitosti) se provede vybér nejlepsiho splitu na podmnozingé ucici mnoziny. Jakmile je vytvoren cely
strom, prechazi se ke druhé ¢asti zvané profezavani, kdy dochazi k odstraiovani nékterych uzlli ak jejich
nahrazeni listem. DUvod pro tento krok je zlepSeni generalizace profezaného stromu.

Metoda Random Forest funguje trodku odlidné pfi konstrukci jednotlivych stromil v lese a je zaloZena
na vybeéru nejlepsiho ndhodného splitu (fezu). Pfesngji, zvoli se néhodné F' proménnych, na nichz se bude
vyhledavat nejlepsi fez a splitem se stane ten nejlepsi. Moznaseto zda byt prekvapivé, ale vysedky ukazuii,
Ze jde o velmi dobrou metodu. Navic, F' miizeme poloZit rovno 1, coZ stira veskeré dlozité vyhledavani
nejlepSiho splitu avysledky jsou prekvapive dobré (viz [4]).

Nami nejCastéji pouzivanametodaje C4.5/C5.0, protoze se pomérné dlouhou dobu zdala byt nejlepsi. Jgjim
nedostatkem vSak je skutenost, Zze implementace C5.0 je komercni, tudiz neméame pristup ke zdrojovym
textlim, a proto neni vZdy zcela zZigimé jak program pracuje. V soucasnosti se zaginame zabyvat metodou
jsme jiz zminhovali vySe, je to metoda pomérné nova a zajimava. Metody C4.5/C5.0, CART a samozigjmé
Random Forest 1ze pouzit kromé konstrukce rozhodovacich stromll rovnéz pro vytvareni rozhodovacich
lesll, kterym je vénovanadalsi struénakapitola

2.2. Konstrukcelesl

Pri konstrukci rozhodovacich lesi je potfeba ze stejné ugici mnoziny vytvorit nékolik rliznych stromi.
Metod existuje nékolik amy s tu uvedeme dvé zakladni — bagging a boosting.

Bagging spoCivav nahodném vybeéru s/bez (terminologie neni ustalena) vraceni z u€ici mnoziny anasledném
natrénovani klasifikatoru. Na druhou stranu boosting je zal ozen na vazeni ugicich piipadtl. V prvnim kroku
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maji vSechny pFipady stejnou vahu apfi kazdém dal&im setyto vahy meéni v zavislosti nachybéklasifikatoru.
Pfipady, kteréjsou v pfedchozim kroku klasifikovany chybné, dostanou vétsi vahu a vice ovlivni nasledujici
vznikajici klasifikétor. V kazdém kroku jsou tedy pfipady z ucici mnoziny vybirany dle rozdé@eni dané
vahami v kroku predchozim utvorené. Vice informaci Ize nalézt v €lanku [5], ktery néas pfivedl na nové
sméry amy3enky.

Jakmile mame vytvoFen rozhodovaci les, pfichazi natadu dali otazka. Jak klasifikovat pomoci vice stroml
?To |Ize samoziejmé opét provadét vice zplisoby. Pri boostingu se hlas kazdého stromu né&jakym zplisobem
vézi, narozdil od baggingu, kde mavétsinou kazdy strom stejnou vahu, tedy klasifikovani seprovadi prostym
vé&tSinovym hlasovanim, coz ovsem samoziejmeé neni podminkou. V soucasnosti se pravé zaméfujeme na
zkoumani volby vhodnych vah pfi hlasovani vice stromtl (n&s projekt forestanalysis).

3. Experimenty

V této kapitole se budeme kréatce vénovat experimentlim, které se stromy a lesy provadime, a z nich
plynoucim vysledkiim. Experimenty provadime na datech z projektu MAGIC—Telescope!, ktera jsou zatim
pouze simulovana, nebot teleskop je stéle ve vystavbé. Jedna se o data se dvanécti prediktory, pfi¢emz uceni
se provadi naprvnich deseti atributech, a se dvémi tfidami - signél asum. NaSim Gkolem tedy je na zakladé
ucici mnoziny natrénovat klasifikéator, ktery bude schopen rozlisit tyto dveé t¥idy.

Formalné proto miizeme zapsat, ze v nasem pripadé r = 12 aC = {Cy,C,}, kde Cy, predstavuje Sum
(hadrony) a C', signél, ktery predstavuji gamma Castice. Data dostavame ve tfech souborech - GA, ON a
OFF. V GA-souboru jsou pouze Castice gamma, tedy pro nés signal, v OFF-souboru pouze €astice Sumu
a ON-soubor obsahuje smés gamma &astic i Sumu. Na zakladeé téchto tFi souborll se pak mohou provadét
dva rtizné experimenty — GA-OFF a ON-OFF, pfic¢emZ pro trénovani se pouZiji z kazdého souboru prvni
dveé tfetiny dat a zbytek pro testovani. Testy GA-OFF jsme nejdfive provadéli s pomoci C5.0 a vysledky
dopadli v porovnani s ostatnimi metodami pomeérné dobre. Poté, co jsme ale chtéli vyzkouSet i experiment
ON-OFF, zjistili jsme, Ze boosting v C5.0 je pro tento typ experimentu nepouzitelny, protoze program po
prvnim kroku kongi chybou. To je zplisobeno pravé ON-souborem, kteryZto obsahujejak gammadcastice, tak
Castice predstavujici Sum. Boosting se pak zastavi po prvnim kroku kvili velkéklasifikatni chybé. Abychom
mohli v experimentech pokratovat, museli jsme rlist vice stromi zgjistit jingm zplisobem, pomoci nasich
nastrojl, k tomuto G&elu vytvorenych. Cely postup viastné spotiva ve “vytazeni” boostingu mimo C5.0.
Postup je struéné popsan v tabulce 4 av nasledujicim odstavci .

Nejdrive se ucici a testovaci mnoZina rozdéli na tfetiny. Dostaneme tak vlastné tfi rlizné experimenty,
ve kterych se kazda z téchto tfetin vyuZije jako ucici i jako trénovaci. Tedy presngji, ve fazi 1 se prvni
tfetina dat pouZije jako testovaci a zbytek jako uici. Ve fazi 2 se na testovani pouZzije druha tfetina a v
podedni fazi posledni tfetina. Na konci jsou vysledky zprlimérovany. Postup uvedeny v tabulce 4 se tedy
pouZije pro kaZdou fazi zvla3té a stejnym zplisobem. NaSe nastroje rovnéz poZaduji zadat n&jaké vstupni
parametry - pocet stroml, velikost ugici mnoZiny arozsah penalizaci za chybnou klasifikaci. Parametr poget
stroml je zfgjmy, prosté znamena kolik stromt se pro klasifikaci pouZije. ProtoZe na vytvareni vice stromli
pouzivame bagging, je nezbytné zadat, jak velky vybér (bez vraceni) z trénovaci mnoziny se pouZzije pro
uceni kazdého stromu. Pfi konstrukci stromu umoznuje C5.0 zadat penalizaci (misclassification cost) za
chybné klasifikovani, €ili néco jako vahu chyby. Podobny mechanismus obsahuje i CART, kde se nastavuji
takzvané priory. Penalizace zadavame ve formé geometrické posloupnosti, uréené prvnim a poslednim
¢lenem a pottem prvka.

Lhttp://hegral.mppmu.mpg.de/M AGI CWeb/
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1. p = min.penale,. . ., max.penale; pficemz p bereme jako geometrickou posl oupnost
2.t=1,...,T;kdeT je poCet stromi
3. Nahodné vyber (bez vraceni) z u€ici mnoziny podmnoZinu o velikosti ¢
4. Pro danou podmnoZinu a penéle pomoci C5.0 zkonstruuj rozhodovaci strom
5. Pokud ¢ < potet stromil, pokragtuj krokem 2
6. Pokud p < max.penale, pokracuj krokem 1
V této fazi mame zkonstruovano celkem 7'+ poCet penalizaci stromil
7. Vezmi vech T stroml pro danou penalizaci p jako jeden les a spotti chybu

Tabulka 4: Postup pfi experimentech s vyuzitim C5.0

Abychom mohli metody porovnavat, potfebujeme opét ngjaké vyjadreni chyby. Zavedme s proto velicinu
p(i,j) = |{X € K|h(X) =C; A Try1 = Cj}|, i, € {0, ]-} (52)Span

sj€jiz pomoci miizeme definovat chybu naSeho klasifikatoru jako

E:( p(1,0) p(1,1) )
p(1,0) +p(0,0)  p(1,1) +p(0,1)

(53)span

Z definice snadno vidime, Ze optimanim bodem je bod (0, 1), tedy ze Zadny Sum se neklasifikuje jako
signdl a kazda gamma Castice se klasifikuje spravné. Otéazkou je, jak dostat vice hodnot . Ve vyse
uvedeném postupu pro generovani stromil jsme pracovali s pojmem penalizace. Jak jsme jiz zminovali,
C5.0 umoziuje nastavit riiznou vahu pro klasifikaéni chybu, defaultné jsou tyto vahy nastaveny nal a
my ménime hodnotu vahy pfi 3patné klasifikaci gamma ¢astic. Toto je tedy parametr, ktery variujeme (od
min.pendle po max.penale) a dostavame tak vicero bodll na kfivce.

Nyni se konetné dostavame k popisu grafil z experimentu GA-OFF. Vidime na nich srovnani metod C5.0
a CART s ostatnimi metodami (viz. [9]) pouzivanymi jinymi lidmi na projektu spolupracujimi (obr.10).
Zajimavy je graf, prfi jehoZz konstrukci jsme ménili velikost ucici mnoZiny (obr.11). Vidime, Ze velky
rozdil v kvalité klasifikatoru je mezi 10 a 30 procenty ucici mnoziny, déle uz narust pfesnosti neni az
tak vyrazny. Nejhtife vydedky dopadly, kdyZ jsme na ugeni pouZili celou trénovaci mnoZinu, protoze tak
vlastné dostaneme né&kolik Gplné shodnych stromd, &ili se jedna o hlasovani jediného stromu. Pri zméné
poctu stromll (obr.9) v C5.0 nedochazi od 10ti stromll k vyraznému zlepgeni, ale rozhodné vice stromdi
klasifikaci zlepsi. Pri hlasovani jednotlivych stromll pouZivame mechanismus boostingu v C5.0 pouZzity,
tedy Ze hlas kazdého stromu ma jinou vahu (tyto vahy sev C5.0 nazyvaji konfidence) . V naSem pfipadé
se konfidence pro tfidy Cy a C; potitaji nasledujicim zplsobem (v C5.0 oznaovanym jako Laplaceova
korekce)

N;+1 |
hi=Nog 1€{01L N=No+ M (54)span

kde N; je poCet pfipadli z trénovaci mnoziny, naleZici do tfidy C;, které se pfi uceni dostali aZz do onoho
listu, kam se nyni “prosypal” neznamy pripad (respektive pfipad z testovaci mnoZiny).

4, Zavér

Pri experimentovani smetodami jsme narazili namista, v nichz by se podlenaseho minéni dali vylepsit. Tyto
problémy Ize shrnout do tFi oblasti — zplisoby ziskani vice stroml, profezavani a kombinovani stromtl. V
souCasnosti pracujeme na knihovnéforestanalysis pro softwarovy balik R, ve které se pokouSimerealizovat
nade my3enky pro analyzu rozhodovacich lesll. Vstupem pro tuto knihovnu mohou byt stromy vytvorené
pomoci C5.0, CART i Random Forest a snazime se ngjit vhodné vahy pfi hlasovani vice stromil. Random
Forests a CART stromy v lesich nevaZi vlibec a C5.0 je vaZi pomoci konfidenci (54). Do budoucnabychom
chtéli pomoci vhodného vazeni stromil tyto metody vylep&it.
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Obrazek 9: zZavislost chyby klasifikatoru na pottu stromdl. 10t-80 znamen, Ze klasifikator se sklada z 10ti stromdi a
pri uceni se pouzilo 80% pripadi z trénovaci mnoziny
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Obréazek 10: Srovnani metod, CART i C5.0 pouZivaji 10 stromdi
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Obrazek 11: Zavisost nazméné velikosti ugici mnoziny, pouZito bylo 10 stromt
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Abstrakt

Dueto ever increasing amount of collected data, automatic knowledge acquisition has become a key
concernin artificial intelligence. Rule extraction using neural networks presents an attractive approach to
this problem because it combines strengths of both its constituents — the straightforward manner in which
neural networks can learn from training data and the comprehensibility of the rule set representation.
Extraction methods that employ structural learning in the training of neural network seem particularly
promising because they produce skeletal networks which facilitate subsequent rule extraction. As a
prominent example of this class of methods, rule extraction by successive regularization is described in
this paper. When applied to the well-known mushroom classification problem, the method yielded so far
the simplest rule classifying all examples correctly.

Keywords: neural networks, rule extraction, rule refinement, machine learning, classification, knowledge
discovery, knowledge transformation

1. Introduction

The development of methods for rule extraction from neural networks was originally motivated by an
effort to overcome persistent problems of neural network — their very low comprehensibility and inability
to provide justification and explanation of their outputs. Later on, these methods started to be used also
as a tool with a primary goal of extracting rules from data. This application of neural networks in rule
extraction istermed rule extraction using neural networksto stress the fact that neural networks are used as
an intermediary link between data and extracted rule sets.

Theprocessof ruleextraction proceedsby first training aneural network on the databeing analyzed, followed
by transformation of the resulting network into a corresponding rule set representation (see Figure 12). By
means of this transformation, rulesimplicitly represented by numerical connection weights and topology of
the trained neural network are expressed in an explicit form. Moreover, by linking rule extraction with a
mechanism for converting rules into an a equivalent neural network (so-called rule injection — see Figure
12), neural networks can also be used for the refinement of existing symbolic theories, thus addressing a
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Obréazek 12: Rule refinement using neural networks

long-standing machine learning problem of how to integrate prior expert knowledge with learning from
data.

2. Rule Extraction

Rule extraction isaspecial case of knowledge extraction, which can be viewed as searching for an optimum
concept in a given concept class with respect to the data being analyzed. There are two aternative ways
to define this optimum [2]. Mental fit measures how comprehensible the extracted concept is to a human,
and how does it thus help to understand the data under consideration. Data fit concerns how closely the
extracted model approximates actual relationshipsin the data. Mental fit and data fit are often competing
goals and it is hence highly desirable that the extraction method allows the user to choose whether, and to
what extent, he prefers high accuracy over the comprehensibility of extracted models or vice versa.

2.1. Rule Sets

In the context given above, rule extraction (also termed rule induction) can be viewed as knowledge
extraction with rule sets as a target concept class. Rule sets represent embedded knowledge by means of
symbolic rules. Although several types of rules exist, we focus here on classical Boolean rules as they are
the most comprehensible, yet offer sufficiently good classification accuracy for awide range of tasks. They
are of the following form

IFz; € S Ay e S A Ay € S THEN Class(X) = C (55)span

where x; are values of attributes of example X and Sz(k) are sets of symbolic values, discrete numerical
values, or intervalsfor continuous features.

The main attraction of rule sets is the high mental fit they provide. Symbolic rules are a common way of
communicating knowledge among people; likewise, expert knowledge is also often expressed in a form
of rules. Other advantages include the possibility to apply various symbolic manipulation and inferencing
techniques to rule sets. From the knowledge discovery perspective, rule sets are thus a favorable way of
expressing extracted knowledge.

2.2. Why Rule Extraction using Neural Networks?

Whilewe havealready explained whilerule setsareasuitabletarget concept classfor knowledge extraction, a
guestion remainswhat arethe advantagesof using neural networksto extract rulesin comparisonto extracting
rules directly from data, as performed e.g. by C4.5, CN2 or AQ-family algorithms. The argumentsinclude:

handling continuous attributes Neural networks can be trained on data with continuous attributes; dis-
cretization of continuousinputs' — and the loss of information which such discretization necessarily
entails— can be postponed to |ater stages of the overall extraction process, thus potentially improving
the quality of extracted rules.

1Discretization of continuous attributes is in either case necessary in order to obtain rules of the form (55).
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univer sal approximation Neural networks with sufficiently high number of hidden units are capable of
approximating continuous functions to an arbitrary degree of accuracy, thus providing a very good
datafit to the data being analyzed.

straightforward training Training of a neural network consists in the search for network weights that,
for a given training set, minimize the network error function. The search space of network weights
is normally continuous and the error function differentiable. This allows more informed and thus
more effective search than in case of discrete search spaces, which are often the case for algorithms
inducing rules directly from data.

multivariate search Neural network training algorithms perform multivariate search, i.e., they take into
consideration all input attributes at the same time. This may allow them to arrive at better solutions
than techniquesworking in a” attribute by attribute” manner, e.g. decision tree induction algorithms.

fine-grained representation of knowledge Neural networks provide a finer-grained representation of
knowledgethan rule sets. Thisallows more subtle modification of theincorporated knowledge during
learning, which is especially beneficial for knowledge refinement.

Additionally, there are other well-known advantages of neural networks such as high tolerance to noise and
very good generalization capability; at the same time, these are the properties which methods for direct rule
extraction often lack. So although, due to their low comprehensibility, neural networks are less useful as a
target knowledge representation, the above mentioned properties make them a valuable intermediary tool
for rule extraction. By first training a neural network on the data and then transforming it into arule set, the
best of both approaches can be exploited simultaneously. For a comprehensive overview and taxonomy of
rule extraction methods using neura networkssee[1, 9].

3. Rule Extraction by Successive Regularization

Many rule extraction algorithms proceed by first extracting rules at the level of individual network units
and subsequently aggregating them to form global relationships. This processis, however, generaly quite
complicated and requires some mechanism to approximate functions computed by network units using
Boolean functions, which can be subsequently expressed as formulas.

3.1. Structural Learning

As a possible solution to this problem, structural learning methods, which aim at producing networks that
simplify the rule extraction step, have been proposed. Structural learning methods define the error function
of the network in such away that its minimization leads to a network with a skeletal structure of connection
weights. Conversion of the resulting skeletal network into a rule set is then a relatively straightforward
task. Various ad hoc techniques that are often used in network-to-rule conversion (such as ignoring weak
connections and clustering/unification of weights) are no longer necessary.

3.2. Successive Regularization

A prominent example of extraction methods employing structural learning is rule extraction by successive
regularization proposed by M. Ishikawa [4, 5]. Depending on the complexity of the task, a network with
one or two hidden layers of is used. The network units compute standard sigmoid transfer function h(z) =
1/(1+e~%). Initsbasic form, the method requires binary input values. Thisis not arestrictive requirement
since discrete attributes can be easily converted into a binary representation; continuous attributes have to
be either discretized first, or a modified method which can deal with continuous attributes directly might be
used (see [6] for details).

Rule extraction by successiveregularizationintroducesthreeadditional termsinto the network error function
— the forgetting term, the hidden unit clarification term, and the selective forgetting term. The training
proceeds in three steps, in each step a different combination of the above mentioned termsisincluded in
the error function (See section [Network training] in Figure 13). The network resulting from regularization
training has (almost) binary outputs of its hidden units and only a small proportion of non-zero network
weights. Put together, it allows to express each hidden unit as an equivalent, simple Boolean formula. To
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1. Set the initial value of the regularization parameter A
2. [Rule acquiring step]
a. [Network training]
Apply the learning with forgetting
Apply the learning with forgetting and with hidden unit clarification
Apply the learning with selective forgetting and hidden unit clarification
b. [Rule extraction]
Represent each hidden unit as a minimum Boolean function of input units
Represent each output unit as a minimum Boolean function of hidden units
By combining the above two Boolean functions, express each output unit as a Boolean function of
input units
3. If the extracted rules does not classify training samples satisfactorily
then
Freeze the connection weights corresponding to extracted formulas
Decrease the regularization parameter A
Go to step 2
else Stop

Obréazek 13: Algorithm for rule extraction by successive regularization

derive aminimum formularepresenting a given Bool ean hidden unit function, we employ Quine-McClusky
minimization method [ 7], which —in contrast to Karnaugh map method used by |shikawa— does not impose
any limit on the number of inputsand is easily automatized. By advancing layer by layer, each output of the
whole network can be represented as a Boolean formula of network inputs.

3.3. Hierarchical Rule Extraction

An important feature of rule extraction by successive regularization is its ability to extract a hierarchically
ordered set of rules; this is achieved by repeating the rule acquiring step several times with successively
decreased regularization parameter while freezing connection weights corresponding to already extracted
rules. The overall scheme of rule extraction by successive regularization is depicted in Figure 13.

3.4. Advantagesof Rule Extraction by Successive Regularization

In comparison to other methods for rule extraction using neural networks, successive regularization posses
severa advantages[5]:

hierarchical extraction — the method first extracts a small number of dominant rules at an earlier stage
and lessdominant rules or exceptionsat | ater stages, which agreeswith ahuman tendency to interpret
data and thus improves rule comprehensibility

scalability in comprehensibility —through the choice of the regularization parameter A, the method allows
to control the complexity of extracted rule sets

robustness —thanksto successive regularization, only relatively small networks are generated in each rule
acquiring step. The structure of resulting network, and in turn also the extracted rules, are therefore
less sengitive to the initial network connection weights.

4. Experimental Results

I shikawaapplied ruleextraction by successive regularizationto varioustasks, both with discreteand continu-
ousvalued attributes. In these experiments, the method exhibited very good scal ability in comprehensibility;
in several cases, it extracted the simplest rule set known for agiven level of accuracy. See|[6, 5] for adetailed
description of results.

Our version of rule extraction by successive regularization was implemented using Matlab and Matlab
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Attribute No* Attribute No*
cap-shape 6 stalk-surface-above-ring 4
cap-surface 4 stalk-surface-below-ring 4
cap-color 10 stalk-color-above-ring 9
bruises? 2 stalk-color-below-ring 9
odor 9 veil-type 2
gill-attachment 4 veil-color 4
gill-spacing 3 ring-number 3
gill-size 2 ring-type 8
gill-color 12 spore-print-color 9
stalk-shape 2 population 6
stalk-root 7 habitat 7

span spanspan xnumbero fattributevalues

span spanspan Theattributesappearinginthe finalruleareprintedinbold

Tabulka 5: Mushroom dataset attributes

Optimization Toolbox. It employs a subspace trust region algorithm based on the interior-reflective Newton
method for network training. Here, we present results of its application to the mushroom classification
dataset, which ranks among the most widely-used machine learning benchmark problems.

4.1. Mushroom Classification

The mushroom dataset and its comprehensive description can be found in the UCI learning repository?.
Patterns for the problem are described by 22 discrete attributes with atotal of 126 different attribute values
(SeeTable5). The mushroom dataset consists of 8124 examples, 51.8% of which represent edibleand therest
nonedible (mostly poisonous) mushrooms. Onetenth of the dataset, i.e. 812 exampl es, was randomly chosen
for training. The extraction proceeded in four steps with gradually decreasing regularization parameter A.
The progressof extraction, together with the increasing accuracy of the extracted rule, isdepicted in Table 6.
Thefinal rule

IF (odor =amond VaniseV none) A (spore-print-color # green)
A((gill-size = broad) Vv (stalk-surface-below-ring # scaly)) (56)span
A(population # clustered) THEN edible

is the same as obtained by Ishikawa, however, the order in which it was obtained is slightly different
(Ishikawa used only three rule acquiring steps). To our best knowledge, it isthe most compact classification
rule for mushroom dataset achieving 100% accuracy.

The comparison of rule extraction by successive regularization with other neural network rule extraction
methods as well as with the C4.5 decision tree induction agorithm is depicted in Table 7. The description
of C-MLP2LN, M-of-N3 and Boolean approximation algorithms can be found in [3, 10, 8], respectively.

2http://wwwl.ics.uci.edu/ mlearn/ML Repository.html

Rule Misclassified*
1. (odor = almond V anise V none) 11/120

2. A (spore-print-color # green) 6/48

3. A ((gill-size = broad) V (s-s-b-r** # scaly)) 0/8

4. A (population # clustered) 0/0

span xtrainingset/entiredataset

span * * stalk — sur face — below — ring

Tabulka 6: Progress of mushroom rule extraction
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Method Rule accuracy (%) | Rule complexity*
Successive regularization 100.0 5/7
C-MLP2LN 99.9 a7
M-of-N3 98.1 ?19
Boolean approximation 96.5 2/8
C4.5 98.7 1/8

spanspan xnumberofattributesused/numberoftermsintheruleantecedent

Tabulka 7: Method comparison on mushroom dataset

5. Conclusions

In this paper, a short introduction to rule extraction using neural networks was presented. The strength
of this approach to knowledge extraction lies in the combination of high learning capability of neura
networks with the comprehensibility of target rule set representation. Methods that use structural learning
for neural network training show a particularly promising direction since they integrate a substantial part
of rule extraction task into neural network training, thus making the finale network-to-rule conversion
relatively easy. A prominent exampleof this class of rule extraction methodsisrule extraction by successive
regularization. When applied to a range of benchmark problems, this method proved the ability to extract
compact rules while maintaining very high accuracy of extracted rule sets. Our variant of rule extraction
by successive regularization implements Quine-McClusky logic minimization procedure during the rule
extraction phase. In preliminary experiments on the mushroom classification dataset, it achieved results
almost identical to those reported by Ishikawain [5]. Results on additional benchmark problemsaswell as
on a selected real-world problem will be given in the workshop presentation.
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Uvod

Zdravotni zaznamy jsou v soutasnosti zavedenou soucasti klinické praxe. Tyto zaznamy obsahuji dbileZité
informace pro |étebnou pédi a uZivaji se rliznymi zplisoby pro riizné GCely. Snahou je reprezentovat
tyto zaznamy na elektronickém médiu tak, aby byly zpracovatelné pocitatovym systémem. Elektronicky
zdravotni zaznam | ze pak chapat jako technol ogicky prostfedek pro dokumentaci 1&Cebného procesu.

V Evropéi ve svété pracuje fada organizaci, které se zabyvaji vyzkumem avyvojem prototypll elektronic-
kého zdravotniho zéznamu, oblast el ektronického zdravotniho zéznamu je i pfedmétem Cinnosti nérodnich
i mezinarodnich standardizacnich organizaci. V tomto pfispévku ukazuji sou€asnou situaci v oblasti vy-
zkumnych projektll a existujicich standardtl a predkladam navrh implementace systému, kompatibilniho s
vybranymi evropskymi normami a standardy.

Normy a standar dy

V soutasné dobé existuje ve svété cel atadaorganizaci, zabyvajicich se pFipravou norem astandard(i z obl asti
elektronické zdravotni dokumentace. Jedna se o dokumenty, pokryvajici oblast komunikace, reprezentace
dat, terminologie, bezpetnosti ainteroperability.

Na mezinérodni Grovni hraje vyznamnou roli technickakomise €. 215 mezinarodni organizace pro standar-
dizaci SO (ISO/TC215) [1]. Jednotlivé pracovni skupiny se vénuji koordinaci elektronickych zdravotnich
zaznaml a tvorbé informagnich model i, problematice komunikace a pfenosu zprav, reprezentaci zdravot-
nich konceptll, bezpetnosti a zdravotnim kartam. Komise je pfimym autorem dvou standardd, dal&i byly
pripraveny ve spolupréci s dal8imi standardizatnimi institucemi.

V Evropeé existuje obdobné organizace jako 1SO - Evropsky vybor pro normalizaci CEN. Problematikou
zdravotnickéinformatiky se v ramci CENu zabyvajeho technickakomise €. 251, informujici o své innosti
nasvych webovskych strankach http://www.centc251.org/ [ 2]. Komise za dobu své existence pfipravilapres
40 dokumentli predb&znych evropskych norem. Z hlediska dlouhodobé snahy nadi republiky o vstup do
Evropské unie jsou vysledky prace této evropské organizace pro nas klicové a jsou také postupné zavadény
do Ceské soustavy norem.
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Dal§i technickou komisi, jgjiz Cinnost souvisi s oblasti medicinské informatiky, je technickakomise €. 224,
zabyvajici se problematikou el ektronickych karet.

Dal§i organizaci, produkujici standardy, jgjiz Cinnost v posledni dobé nabyva na vyznamu, je americka
organizaceHealth Level Seven[4], pfipravujici standard pro komunikaci vezdravotnictvi HL 7. Zestandardu,
plivodné specifikujiciho pouze obsah aforméat komunikace na aplikagni Grovni se mav pfipravované verzi
3 stat komplexni soubor dokumenttl, vénujici se celé problematice medicinské informatiky. Ve verzi 3 je
vymeéna zpréav zaloZzenana datovém modelu. V z&kladnim RIMu (Referentni informatni model, Reference
Information Model, viz Obréazek 16) a v DIMech (Doménové informacni modely, Domain Information
Models) jsou modelovany komunikatni vazby ve zdravotnickych systémech a slouzi jako zéklad pro
vSechny pracovni skupiny pouZivajici HL7.

Dalsi organizace a vyzkumné pr oj ekty

Da&im projektem, ktery se zabyva hledanim optimalnich zplisobl redizace elektronického zdravotniho
zéznamu, je australsky projekt Good Electronic Health Record (GEHR) [5]. Z&kladem jeho koncepce
je formalni semanticky model (GEHR Object Model, GOM), popisujici koncepty ve tfech (rovnich -
EHR (z&hlavi, transakce), struktury pro reprezentaci obecnych znalosti (zjisténi, subjektivni informace,
instrukce) a nizkolroviova data (datové typy, jednotky, multimédia). Klinické modely jsou popisovany
mimo GOM pomoci tzv. archetypll - zakladnich typickych stavebnich jednotek jako napf. déka nebo
hmotnost. Tyto archetypy jsou pak odkazovany ve struktufe pojmll, pouZivanych pro popis zjisténi u
pacientav elektronickém zdravotnim zaznamu.

Problemati ce strukturovaného el ektronického zdravotniho zaznamu aoptimaél niho uzivatel ského rozhrani se
vénoval evropsky projekt 14C/TripleC[6]. Jeho cilem bylo vyvinout systém, poskytujici integrovany pristup
k datlim bez ohledu na misto jejich ulozeni, podporu Iékarské péte konzultacemi na dalku a konzistentni
zaznam pacientskych dat, obrazti abiosignal &iv ramci jednoho el ektronického zaznamu. Obdobny pristup byl
zvolen v projektu Synapses, ve kterém byla snaha o vyuZziti existujicich informaénich systémi pro klinické
informace, laboratorni data a vytvorit oteviené FeSeni pro sdileni dat mezi témito systémy. Zakladem byla
hierarchicka struktura (daj i, udrzovanajednim centralnim serverem, vlastni data pak bylaziskavanapfimo
z konkrétniho systému, ve kterém byla ulozena.

Hlavni zdrojeinspirace

Hlavnimi zdroji mySlenek ainspiraci pro nas vyvoj byly jednak pfedbézné evropské normy, pfipravované
technickou komisi CEN/TC251, jednak vysedky evropského projektu 1 4C/TripleC 4. ramcového programu,
v jehoz ramci byl vyvinut software elektronického zdravotnino z&znamu ORCA (Open Record for Care).
Architekturu el ektronického zdravotniho zaznamu popisuje dokument CEN/TC251 ENV 13606 " Sdélovani
elektronickych zdravotnich zaznamt” [3], ktery je od roku 2001 soucéasti teské soustavy norem. Tento
predbé&zny standard méa nasledujici 4 €asti:

o Cast 1: Roz&ifenaarchitektura
o Cast 2: Seznam pojmi1 domény
o Cast 3: Distribuéni pravidla

Cast 4: Zpravy pro vyménu informaci

Hlavni vyznam tohoto predbézného standardu je v oblasti komunikace mezi elektronickymi zdravotnimi
zéznamy. V prvni Casti je popsan konceptualni model struktury a obsahu, vhodny pro vymeénu informaci
mezi elektronickymi zdravotnimi zaznamy. Dokument odkazuje nafadu dalich standarddl CEN a | SO.

Druhym zdrojem inspirace byl software el ektronického zdravotniho zaznamu ORCA. Tento software vyuzi-
val dvouvrstvou architekturu klient-server (databazovaa uzivatel skavrstva) astrukturovany zplisob uloZeni
dat kombinovany s moznosti uloZeni multimedialnich objektll v historii pacienta[7]. Primarnim zplisobem
vkladani dat byl vstup strukturovanéinformace s moznosti uvadét k jednotlivym polozkam textové komen-
tafe. Mnozina sbiranych dat byla definovana hierarchicky strukturovanou znalostni béazi, jejiz soucasti byl
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popis obsazenych termint v nékolika evropskych jazycich. VIozené strukturované (daje tak bylo mozné
snadno prelozit do jiného jazyka bez ohledu na to, jaky jazyk byl pouZit pfi jejich vkladani. EuroMISE
centrum se (€astnilo druhé €asti projektu - projektu TripleC. Cilem projektu bylaadaptace software Orcana
Ceské podminky aotestovani pouzitel nosti strukturovaného zaznamu o pacientovi sbérem dat pro vyzkumné
Ucely [8].

Vlastni navrh

Nage zkuSenosti a my3enky inspirované projektem [4C/TripleC vyUstily v nasledujici seznam poZzadavkd,
které by elektronicky zdravotni z&znam mél splhovat.

e strukturovany zplisob uloZeni informaci kombinovany s volnym textem

e nastroje k usnadnéni strukturalizace ulozené informace (pfevod volného textu na strukturovana data)
e nastroje pro vyhodnocovani avizualizaci ulozenych dat

e mnozinasbiranych Gdajli dynamicky rozsifitelna a modifikovatelnabez zmény databazoveé struktury
e systém pro Fizeni pristupu k pacientskym dattim a znal ostni bazi

e nastroje pro kontrolu spravnosti uloZzenych dat a souhlasu s [€kaFskymi doporucenimi

e podporapréace ve vice jazycich

¢ informace o rodinnych vztazich mezi pacienty pro vyzkum v oblasti genetiky

e sdruzovani dat pfislusgjici k jednotlivym udalostem u pacienta

e zaznam o vSech zménach pacientskych dat, znal ostni baze, zmén pFistupovych prav apod.

e minimani zavisost na pouzitém databazovém nebo operatnim systému

e Siroka vyuzitelnost (od jednotlivé pracovni stanice na stole praktického |&kare az po distribuované
prostfedi ve velké nemocnici)

e moznost pristupu k ulozenym dattim z mobilnich terminalti (PDA, mobilni telefony)

e motivatni systém pro |ékare (automatizace rutinni administrativni prace, reporty pro zdravotni pojis-
tovny, apod.)

e multimedialni informace jako soucast elektronického zaznamu.

Na z&kladé zminénych pozadavkl byl zahgen vyzkum a vyvoj novych zplisobll reprezentace a realizace
elektronického zdravotniho zaznamu. Z&kladem nami navrhované struktury je tfivrstva architektura, sesta-
vgjici z datové vrstvy, funkeni vrstvy a uzivatel ského interface (prezentacni vrstva). Vyhodou tohoto FeSeni
je snadngjsi drzba a ladéni aplikace z dlivodu oddél eni prezentani a funkéni vrstvy, optimalizace zdrojli
rozdé&enim vykonu (moZnost distribuce aplikace v ramci sité), spolehlivost a odolnost proti vypadkiim a
zvySeni bezpetnosti. Architektura systému tak umoziuje plynuly pfechod mezi systémem instalovaném na
jediném PC aZ po instalace klient-server v ramci distribuované sité.

Zakladem datové reprezentace je mySenka oddéleni popisu a hodnot velicin, které v elektronickém zdra-
votnim zéznamu uchovavame. Veli€iny ajgjich vzgemné vztahy definuje znalostni baze, reprezentovana
grafovou strukturou, vlastni datajsou ulozena pomoci jednoduché univerzalni grafové struktury, obsahujici
pro kazdy Udaj: identifikaCni daje pacienta a |ékare, identifikaci vy3etfované veliciny, jeji hodnotu, spo-
lehlivost, se kterou byl (idg) zjistén, daje o obdobi platnosti daného Gdaje a dalSi. Tato struktura umoziuje
aplikovat jednotny postup pfi uloZeni nebo prezentaci libovolného typu informace, bez zmény databé-
zové struktury je mozné pridavat nove zjistované veliciny. Navrh zachovava historii zmén znalostni baze
i zjistenych hodnot jednotlivych veli€in. V ramci funkeéni vrstvy je feSena logika aplikace, soucasti vrstvy
je implementace formalizovanych |&kaFskych doporuceni. Jedna z pfipravovanych realizaci uzivatelského
rozhrani zahrnuje systém, kombinujici zaznam pomoci volného textu s poloautomatickym vybérem zada
vané veli€iny ze znalostni baze na zékladé zadavaného textu. Text je pak uloZen jako XML dokument,
obsahujici odkazy naveliciny ve znalostni bazi a jejich hodnoty. Paralelné jsou data uloZzenav databézi pro
dal§i zpracovani.

63



References

[1] International Organization for Standardization, http://www.iso.ch/

[2] European Committeefor Normalization, Technical Committee 251 Health I nformatics (CEN/TC251),
http://www.centc251.org/

[3] CSN ENV 13606, CEN/TC251
[4] Health Level Seven, http://www.hl7.org/
[5] Good Electronic Health Record, http://www.gehr.org/

[6] Pierik FH., van Ginneken A.M., TimmersT., Stam H., Weber R.F.: Restructuring routinely collected
patient data: ORCA applied to andrology. Yearbook of Medical Informatics 98, Schattauer, Stuttgart
1998

[71 A.M.van Ginneken, M.J. Verkoien, A multi-disciplinary approach to a user interface for structured
data entry. Medinfo. 2001;10(Pt 1):693-7

[8] zvéarovaJ, Hanzlicek P, Pribik V. Application of Orca Multimedia EPR in Czech Hospitals. Euro-
Rec’ 99 Proceedings Book - Sevilla, ProRec 1999: pp. 160-165



Psychologické dotazniky a detekce psychosomatickych stavii

doktorand: skolitel:
ING. PETR ZAVADIL Doc. InG. ViaDIMIR Eck, CSc.
EuroMISE Katedra kybernetiky
Ustav informatiky AV CR FEL CVUT v Praze
Pod Vodarenskou vézi 2 Technicka 2
Praha 8 Praha 6
zavadil@euromise.cz eck@lab.felk.cvut.cz

obor studia:
Uméla inteligence a biokybernetika

Abstrakt

Clanek popisuje metodu detekce psychosomatickych stavii operatora s vyuzitim psycholo-
gickych sebehodnoticich skalovych dotaznikti. Tato metoda dopliuje standardni metody de-
tekce. Znalost psychosomatickych stavii mtze byt vyuzita pri uzavieni vnéjsi zpétné vazby
u Clovéka. Popisovana metoda je podporena experimentalné ziskanymi daty.

1. Uvod

Psychosomaticky operédtorsky piistup spada do oblasti zpétné vazby (ZV) u ¢lovéka. ZV je v redl-
ném case (obr. 1) reprezentovina tfemi ¢astmi:

Ovliviiovani Zjistovani

stavu
A
Volba < - ]
strategie |¢ Pozadovany
stav

Obrazek 1: Uzavieni vngjsi zpétné vazby u ¢lovéka
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e zjisténim psychosomatického stavu,

e porovnanim zjisténého stavu se stavem pozadovanym a stanovenim dalsi strategie na zakladé
individualniho modelu chovani,

e fizenym ovliviiovanim (zvySenim nebo sniZzenim zatéZe) na zékladé zvolené strategie.

Stavy operdtora je nutné individualné zmapovat v identifikaénim procesu, ktery predchazi uza-
vieni ZV. Standardni metody sledovani psychosomatickych stavi ¢lovéka se zaméfuji na stiidani
fazi klidu a raznych druht kratkodobé i dlouhodobé zatéze [1]. V prubéhu testovani jsou méfeny
a zaznamenany reak¢ni a fyziologické signdly. Na zakladé znalosti fazi a zadznamu jsou nasledné
individualné urceny zjistitelné psychosomatické stavy. Pfiklad takového pristupu je systém Inte-
ligentniho rozhrani vyvijeny na Univerzité Kyoto, jehoz soucésti je analyza a odhad poznavacich
stavi soustavy ”Man-machine interface” [2].

V této praci je nadéle predklddan odlisny postup umoziujici detekovat psychosomatické stavy
psychologickymi sebehodnoticimi metodami. Vysledky tohoto postupu by mély standardni identi-
fika¢ni operatorsky ptistup doplnit a zpfesnit.

Cilem prace je orientovat se na metody psychologie, které vyuzivaji sebediagnostické dotazniky
pro zaznam kratkodobého psychického stavu c¢lovéka a stanovit konkrétni postup, ktery umozni
rozdélit otestovanou skupinu osob-operatortu podle detekovanych stawvii.

2. Skalové emoéni dotazniky

V psychologii se zaznam kratkodobych emocnich stavi vyuziva pfi hodnoceni pracovni zatéze a
stresu [3]. Jednou z metod pouZivanych v této oblasti jsou Skalové dotazniky, kde odpovédi pro-
bandi vyjadiuji miru ztotoznéni s otdzkou (napf. s adjektivem popisujicim specificky pocit). Mira
souhlasu mizZe byt vyjadfena vybérem z predkladaného seznamu slovniho hodnoceni, graficky na
ose nebo piimo jednoduchou klasifikaci (napt. 1 - 5). Po vyplnéni jsou otézky fazeny do sku-
pin, které jsou hodnoceny souctem numericky vyjadirenych odpovédi. Tento pristup predpoklada
u probandi ochotu spolupracovat a koncentraci na sebehodnoceni.

Pro dalsi pouziti byl vybran dotaznik $kdly MIND (8kdly Likertova typu), ktery byl pouzit pfi
testovani pracovni narocnosti ve Statnim zdravotnim ustavu, v sekci hygieny prace. Obdobny
skalovy dotaznik 12 Faktord ”Mood Adjective Checklist” byl poprvé publikovan v roce 1965 (Nowlis,
University of Rochester N.Y.). Navazujici §védska studie [4] se zabyvala optimalizaci poétu otazek
v téchto dotaznicich.

Pouzity dotaznik mé 2 ¢asti, prvni obsahuje otazky na kratkodobou minulost a druhy pak 40 otazek
na okamzity stav s 5-ti hodnotovymi skalami odpovédi. Inovace pro pouziti dotazniku v této praci
je pocitacové zpracovani. Dosud byl vypliiovan v papirové formé a podobné otazky bylo moZno vi-
zualné korigovat. Nova softwarova realizace umoznuje predkladat otazky jednotlivé, otazky nejdou
bezprostfedné po sobé, zaroven se zaznamenava ¢as straveny nad jednotlivymi otadzkami a vzapéti
po vyplnéni jsou k dispozici vysledky - individualni v dvourozmérnych grafech a souhrnné o skupiné
¢i podskupinach v grafech tfirozmérnych.

Pro dalsi zpracovani je vyznamnéjsi druha ¢ast s 8-mi skupinami otazek. Vsechny odpovédi jsou
vyjadfeny jednou z péti hodnot skaly. Zavéreéné vyhodnoceni skupin 5-ti otazek je procentudlné
vztaZzeno k minimélnimu a maximalnimu moZnému souétu odpovédi ve skupiné (obr. 2). Takto
zpracované dotazniky umozinuji individualné stanovit psychicky stav a pfi testovani vice probandt
tyto stavy lépe heuristicky porovnévat.
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Obrazek 2: Individuélni vyhodnoceni emoéniho dotazniku

3. Provadéné experimenty

3.1.

Navrzené cile

Cilem provedenych experimentt bylo vyuzit psychologické metody pro detekci psychosomatického
stavu operatora. Tento hlavni cil mizeme rozdélit na nékolik dil¢ich:

3.2.

otestovat homogenni skupinu osob vytvofenym pocitacové zpracovanym skalovym dotazni-
kem

béhem testovani zaznamenavat fyziologické a reakéni parametry s predpokladanou psycho-
fyziologickou vazbou a jednoduchou aplikaci pfi testech

na zakladé testu rozdélit skupinu podle individuélné vyhodnocenych dotaznikt

podpoftit rozdéleni do podskupin s vyznamnymi emoc¢nimi stavy reakénimi a fyziologickymi
parametry (hleddni psychosomatické vazba)

zhodnotit a optimalizovat test (redukce poétu otdzek i jejich skupin, Gprava parametri-
zace, ...)

Prubéh testu

Pro testovani byla vytvorena internetova stranka, ktera slouzila jako objednéavaci systém a zajem-
ctim nastinila priibéh méfeni z pohledu testované osoby. Pro kazdou osobu byla vyhrazena hodina
v standardizovaném klidném prostifedi. Méfeni probihalo v odpolednich hodindch béhem pfiblizné
jednoho meésice.

Vybér fyziologickych signaltt a nasledné parametrizace byl omezen dostupnosti a predpokladem
o psychosomatické vazbé [5] a [6].

P1i testovani byl vypliiovan vytvoreny dotaznik pomoci kldvesnice a mysi. Pfed a po vypliiovani
byl méfen krevni tlak a pocet tept za 60 s, béhem vypliovani pak srdecni frekvence s vzorkovaci

67



frekvenci 5 s - senzorem na hrudniku (piistroj POLAR) a synchronné byl zaznamenévan ¢as kazdé
odpovédi.

Po ukonceni byli vSichni testovani informovéni o vysledcich dotazniku na grafickém znazornéni a
zéroven konzultovani a dotazovéni (pochopeni otdzek, nejasnosti, celkové sebehodnoceni apod.)

4. Dosazené vysledky

Bylo otestovano 63 osob (na Katedfe kybernetiky FEL CVUT v Praze). Jednalo se pievazné
o studenty, PhD studenty a zaméstnance katedry mezi 21 a 30 lety (histogram je na obr. 3).
Primérny vék testované skupiny byl 24,5 let.

POCETOSOB [-]

21 22 23 24 25 26 27 28 29 30
VEK [ROKY]

Obrazek 3: Histogram testované skupiny

Na zékladé heuristického pristupu vychazejici ze struktury dat, iterac¢nich postupt, pozorovani a
porovnavani podskupin v 3D grafech byly stanoveny limitni hodnoty pro dvojice skupin otézek.
Tyto hodnoty umozni bipolarné rozdélit celou testovanou skupinu ve ¢tyfech danych oblastech.
Kazd4 z veli¢in (reprezentujicich odpovédi na emoéni dotaznik) pfispiva pouze do jedné z oblasti.
Jednotliva rozdéleni déli skupinu na dvé vyznamné podskupiny, jednu s jasné vymezenym emoc¢nim
stavem (konkrétné vzdy pozitivné) a druhou zahrnujici zbytek. Vysledky jsou ndzorné shrnuty
v tab. 1.

5. Dalsi zpracovani

Pri dalsim zpracovani se autor zaméfi na porovnani heuristického stanoveni skupin s emoc¢nim
stavem se standardnimi statistikymi klasifika¢nimi metodami (postupy vyuzité napf. v [7] a [8]).

V niésledném kroku pak na porovnani skupin emocnich stavi s reakénimi a fyziologickymi para-
metry, pripadné s jejich vyznamnymi skupinami.

V zavérecné fazi pak autor zhodnoti pouzitou dotaznikovou metodu. Vzhledem ke zjisténym vy-
sledkim pak pfipadné navrhne pro detekci psychosomatickych stavii ipravu dotazniki a modifikaci
méfenych signali a parametri.
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Tabulka 1: Tabulka rozdéleni testované skupiny
(hodnoty vyjadiuji pramér odpovédi celé skupiny v % a poéty osob s danym vymezenim odpovédi)

NAPETI KLID N >40% & [N <10% & [N>40% & [N <10% &
D [%] [>40%[<10%| @ [%] [>40%[<10% |K <10% K >40% K >40% K <10%
17.5873|3 24 42 K 1 0 0
UNAVA SVEZEST U>40% & |U<10% & |[U>40% & |U <10% &
D [%] [>40%[<10%| @ [%] [>40% [<10%|SV <10% |SV >40% [SV >40% |SV <10%
18.7302]2 TFI 43.0476 EYAR 1 0 0 0
ROZTEKANOST | SOUSTREDENOST |RT >40% &|RT <10% & |RT >40% &|RT <10% &
D [%] [>40%[<10%| @ [%] [>40%[<10%|SO <10% [SO >40% [SO >40% |SO <10%
18.0952|5 T 48.6349 X 0 0 17 0 0
ROZLADENOST DOBRA NALADA |RL >40% & |RL <10% & |RL >40% & |RL <10% &
D [%] [>40%[<10%| @ [%] [>40%[<10% |DN <10% |DN >40% |DN >40% |DN <10%
11.7460]4 37 38.6032 X 1 0 22 2 [0 0
6. Zavér

Data ziskana experimenty a navrzeny postup mapuje moznosti detekce psychosomatickych stavi
operatora pomoci sebediagnostickych psychologickych dotaznikti. Popsand metodika se nesnazi
zachytit operatorské stavy v plném rozsahu, slouzi jen jako zdroj dopliiujicich informaci o zatézo-
vaném clovéku. Vysledky vyplyvajici z experimenti je tfeba chipat v omezené mife v kontextu
testované skupiny osob.
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