DoktorandskyÂ den ’02

UÂ stav informatiky Akademie veÏd CÏ eskeÂ republiky

Praha, 17. rÏõÂjen 2002

Obsah

Pavel KrusÏinaś Reŕexion in C++ 3

Petra KudovaÂś Genetic and Eugenic Learning of RBF Networks 9

Zuzana PetrovaÂś Ontologie v Bangu 15

Terezie SÏidlofovaÂś Comparison of Linear and Neural Network Approximation 19

Ing. David Coufalś Radial Implicative Fuzzy Inference Systems 26

Milan Rydvanś Generalised Target Functions for Multilayer Neural Networks 32

Mgr. Ctirad Matonohaś PouzÏitõÂ lokaÂlneÏ omezeneÂho kroku v metodaÂch vnitrÏnõÂch bodÊu nelineaÂrnõÂho programovaÂnõÂ 37

Petr Cintulaś Compactness of various fuzzy logics 38

Zuzana HanikovaÂś Complexity of the propositional tautology problem for t-norm logics 43

Emil KotrcÏś AnalyÂza dat z projektu MAGIC-telescope pomocõÂ rozhodovacõÂch stromÊu a lesÊu 49

Michal Jakobś Symbolic Rule Extraction using Artiőcial Neural Networks 55

Ing. Petr HanzlõÂcÏekś ElektronickaÂ zdravotnõÂ dokumentace 61

Ing. Petr Zavadilś PsychologickeÂ dotaznõÂky a detekce psychosomatickyÂch stavuÊ 65

Reŕexion in C++

doktorand:

PAVEL KRUS^ÏINA^{sÏkolitel:}ROMAN NERUDA

krusina@rychnov.cz roman@cs.cas.cz

obor studia: I-1

Abstrakt

This article deals with the topic of reŕexion 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 terminology.

1. What is reŕexion

Reŕexion is the ability of a program to see itself. This means that from a class point of view, the class is able to get information about its elements and parents and their types and exact possitions in itself and about the type of inheritance. This information 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 parallel computation. It focus in on decribing the asynchronous work and communication of the computational system. We aim to create a realistic theoretical model to be able ś to some extent ś predict the time complexity of algorithms on real-world computers and clusters.

This is a theoretical foundation of our work on a uniőed, 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 reŕexion library which makes data inspecting and transmissions possible with minimalizing the user assistence.

2. Existing implementations

2.1. RTTI

Speciőcation: RTTI means run-time type information. It is composed of standard dynamic cast and

typeid operators.

Pros: it is wide-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 sufőcient for our needs.

2.2. Parsing source code

Speciőcation: Though the wanted information is available to the C++ compiler, it is not usually exported in any form for the program. This approach uses special program which mimics the őrst phases of C++ compiler’s work ś lexical and syntactical analysis ś and exports the result for the program. OpenC++ [?] is an example of such a program ś it parses the C++ sources and stores the information in the form of C++ objects linked together with the inspected program to make it available.

Pros: the complete information is 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

Speciőcation: the user is asked to write down all needed information manually. For example MPI uses this method for MPI derived types ś here it is the user’s responsibility to provide the system with accurate type information for each new type: the exact type and possition.

Pros: it is the easiest for the programmer ś 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 reŕexion at all

Speciőcation: the metadata is not collected at all. Instead, virtual functions are used where the polymorphism of different data structures is needed.

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

Cons: in many cases, this method is not possible at all, or it is only a hidden form of the previous case. For example if we want to avoid the need of collecting metadata for generic serialization routine, we may design our system to call for each given data structure its respective virtual serialization routine. But the problem is how to write the serialization for composite objects ś 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 satisőed with existing approaches, we designed our own one to solve the problem of reŕexion implementation. We call it RTI (for Rox Type Info). This work 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 ś usually during initialization phase of program start-up.

ObraÂzek 1: The structure X consists of elements A and B.

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

3.2. Class parents

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 parents is the same ś with the parents going őrst.

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

class X : public P, public Q {

        A a;
        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 has the same address as the virtual base of the whole class, or not. In the former case the subclass is a parent, in the later it is the element.

3.3. Virtual inheritance

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

class P : public virtual VirtBase { ... };
class Q : public virtual VirtBase { ... };
class A : public virtual VirtBase { ... };

ObraÂzek 3: The structure X inherits from staticly P and from Q virtually.

ObraÂzek 4: Two X structures after content swap.

class X : public P, virtual public Q {

        A a;
};

To detect the virtuallity of inherited base class we create two instances of the investigated class and swap their contents using the low-level memcpy function. From the changes of this pointers between construction and destruction of such a modiőed pair we can distinguish the virtual base from non-virtual. The virtually inherited base classes are destructed at the changed locations, because they are accessed using single pointer stored inside the inherited class^1. The statically inherited base classes are destructed at the original locations (Figure 4).

4. Example

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

#include ž../../../base/banglib.hž
#include ž../../../dict/all.hž

class P : public CStruct
{ STRUCTIMPL( P )

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

        CString p;
};
REGROX( P )

class Q : public CStruct
{ STRUCTIMPL( Q )

        CInt q;
};
REGROX( Q )

class X : public P, public Q
{ STRUCTIMPL( X )
        DOMINANCE( P )
                        CString m;
        LABEL(alpha) CFloat a;
        HIDDEN CString b;
                        CString c;
};
REGROX( X )

int main()
{ AutoExec();

        X mm;
        mm.m = žprealphaž;
        mm.a = 3.14;
        mm.b = žBETAž;
        mm.c = žCORRINOž;
        mm.p = žpHž;
        mm.q = 12;

        const RStr& mms = *mm.ToCRox();
        puts( mms.ToChar() );

        return 0;
}
________________________________________________________________________
Program output:

<X>
    <CString value=žpHž/>
    <CInt value=ž12ž/>
    <CString value=žprealphaž/>
    <alpha>
        <CFloat value=ž3.14000000000000012e+00ž/>
    </alpha>
    <CString value=žCORRINOž/>
</X>

In a similar way we can serialize this new structure of ours into a block of binary data and recreate it again^2.

2The whole example is available on bang3 project CVS in directory bang3/test/auto/210 xize.

ObraÂzek 5: Appendix: Bang3 data types hierarchy.

5. Conclusion

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

We can use these data types to 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.

Genetic and Eugenic Learning of RBF Networks

doktorand:

PETRA KUDOVA^{Â sÏkolitel:}ROMAN NERUDA

UÂ stav informatiky AV CÏ R Pod vodaÂrenskou veÏzÏõÂ 2, 18 207 Praha 8

UÂ stav informatiky AV CÏ R Pod vodaÂrenskou veÏzÏõÂ 2, 18 207 Praha 8

petra@cs.cas.cz roman@cs.cas.cz

obor studia:

TeoretickaÂ informatika

Abstrakt

Learning methods for RBF networks are brieŕy reviewed. The focus is on evolutionary methods. As an alternative to the genetic algorithms we introduce the Eugenic learning, evolving separately a pool of hidden units and complete 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 a linear output layer. By an RBF unit we mean a neuron with multiple real inputs ⃗x = (x_1, . . . , x_n) and one output y computed as:

y = φ(ξ); ξ = ‖ ⃗x − ⃗c ‖_C b (1) where φ : R → R is a suitable activation function, let us consider Gaussian φ(z) = e^{−z2} . The center ⃗c ∈ R^n , the width b ∈ R and an n × n real matrix C are a unit’s parameters, || · ||_C denotes a weighted norm deőned as ‖ ⃗x ‖^2_C = (C⃗x)^T (C⃗x) = ⃗x^T C^T C⃗x.

Thus, the network represents the following real function ⃗f : R^n → R^m :

f_s(⃗x) = h∑ j=1 w_{js}e^− (_{‖⃗x−⃗cj ‖Cj} bj )_2 , s = 1, . . . , m, (2)

where w_{js} ∈ R are weights of s-th output unit and f_s is the s-th network output.

The goal of an RBF network learning is to őnd 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 inputs and desired outputs T = {⃗x(t), ⃗d(t); t = 1, . . . , k}, called a training set. The quality of the learned RBF network is measured by the error function: E = 1 2 k∑ t=1 m∑ j=1 e^2_j (t), e_j (t) = d_j (t) − f_j (t). (3)

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 modiőcation of the Back Propagation algorithm, designed for MLPs. It is an iterative algorithm based on a straightforward gradient minimization of the error function E from (3). Starting with random initialization, we shift the vector of all network parameters in the direction given by the gradient of the error function, and iterate until a local 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 łback propagationž during the evaluation of the gradient.

The Gradient learning uniőes all parameters by treating them in the same way, even though the meaning of the RBF network parameters is well deőned. 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 reŕect the density of training data points and therefore some vector quantization algorithm is usually used. Then we őnd suitable values for additional units’ parameters (widths, norm matrices), which determine the size and the shape of the area controlled by a unit. Some heuristics are used to cover the whole input space with these areas and at the same time to 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 individual’s őtness (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 resources or a character of a given data set. The Three-step method is the best choice from the computational time point of view, the Gradient method usually őnds the most accurate solution. Evolutionary methods are quite time consuming but can be used also for determination of a number of hidden units or for learning of networks with different types of units in 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 its local 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 [?].

The evolution takes place on two levels. On the őrst 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 blueprints is evolved on the second level.

RBF units evolution

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

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

• After enough trials have been performed, each neuron average őtness is evaluated dividing its őtness count by its trial 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 units that are likely to work well together. Therefore the evolution on the second level is done by means of a eugenic algorithm.

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 is included in the hidden layer of a particular network.

The introduction 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 a random initialization, we iterate until a suitable solution is found.

In each generation only one new individual N is generated:

1. Start with the set of all genes U = {x_1, x_2, . . . , x_n} 2. Select the most signiőcant gene x_{sig} . This should be the gene that is most strongly correlated with the őtness of the individuals. Assume that the larger the |f(x_{g,0}) − f(x_{g,1})|, the stronger the inŕuence of the gene x_g is. (f(x_{g,0}) is the average őtness of those individuals having 0 at gene x_g , similarly for f(x_{g,1})).

3. Set the value of the gene x_{sig} according to the probability f(x_{sig,a})/(f(x_{sig,1}) + f(x_{sig,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. The gene x_{sig} is removed from U.

5. A rough estimate of epistasis is evaluated for the population.

It is a measure of how strongly the őtness f(x_{g,a}) depends on the values of the other genes. If for all genes g the difference between f(x_{g,0}) and f(x_{g,1}) is low, i.e. both choices seems to be equally good, we speak about high epistasis. High epistasis indicates that there is no really signiőcant gene and therefore the values for remaining genes should not be chosen independently.

6. If epistasis is high, the population is restricted to those individuals having the same value of gene x_{sig} as the individual N.

7. Use the restricted population and continue with step 2 until U is empty.

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

The described algorithm doesn’t control the number of units in the hidden layer. To avoid large or empty networks, we explicitly deőne the minimal and maximal number of units. Creation of a new individual is stopped after the maximal number of units is reached (i.e. the same number of bits is 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 experiments were run on a Linux cluster, each computation on an individual node with a Celeron 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 refers to a type of an iris 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 a plant 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 s for genetic learning, 8.6 s for eugenic learning.

Figures 6 and 7 shows the typical fall of the error function comparing the canonical and the classical version of genetic algorithms.

On őgure 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) shows the 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 ε.

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 algorithms in shorter time.

ObraÂzek 6: The fall of error function in canonical genetic learning and classical genetic learning, for the RBF network with a) 3 units b) 6 units.

ObraÂzek 7: The fall of error function in canonical genetic learning and classical genetic learning, for the RBF network with a) 9 units b) 12 units.

ObraÂzek 8: The fall 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.

ε EuGA CanGA GA 100 95 8 s 30 22 s 20 14 s 80 291 25 s 240 3 min 18 s 100 1 min 22 s 60 463 40 s 1320 18 min 12 s 720 9 min 55 s 40 1879 2 min 42 s 3420 47 min 11 s 6810 1 hours 33 min 11 s 20 151717 3 hours 37 min 27 s 22390 5 hours 8 min 58 s 28590 6 hours 35 min 54 s

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

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 algorithms.

In [?] it was already 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 őnally, 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.

Ontologie v Bangu

doktorand:

ZUZANA PETROVA^{Â sÏkolitel:}ROMAN NERUDA

UÂ stav informatiky AV CÏ R,

Pod vodaÂrenskou veÏzÏõÂ 2, 182 07, Praha 8

UÂ stav informatiky AV CÏ R,

Pod vodaÂrenskou veÏzÏõÂ 2, 182 07, Praha 8

petrova@cs.cas.cz roman@cs.cas.cz

obor studia:

TeoretickaÂ informatika

Abstrakt

SysteÂm Bang je knihovna, obsahujõÂcõÂ datoveÂ struktury a algoritmy spadajõÂcõÂ do oblasti umeÏleÂ inteligence, zejmeÂna neuronoveÂ sõÂteÏ a algoritmy pro jejich ucÏenõÂ a genetickeÂ algoritmy. NavõÂc je i platformou jak pro vyvõÂjenõÂ novyÂch datovyÂch struktur (naprÏ. novyÂch typuÊ neuronovyÂch sõÂtõÂ) a jejich ucÏõÂcõÂch algoritmuÊ, tak pro ucÏenõÂ staÂvajõÂcõÂch struktur a uschovaÂvaÂnõÂ naucÏenyÂch konőguracõÂ.

PrÏedpoklaÂdejme, zÏe Bang bude mõÂt v budoucnu pomeÏrneÏ velkyÂ pocÏet uzÏivateluÊ, kterÏõÂ si budou do centraÂlnõÂ databaÂze uklaÂdat sveÂ vlastnõÂ struktury i konőgurace, naucÏeneÂ na urcÏityÂ probleÂm. Budou ovsÏem takeÂ chtõÂt naleÂzt datovou strukturu, kteraÂ je schopnaÂ se naucÏit rÏesÏit zadanyÂ probleÂm, nebo jesÏteÏ leÂpe jejõÂ uzÏ naucÏenou konőguraci.

KazÏdaÂ datovaÂ struktura bude tedy obsahovat zaÂznam o tom, cÏemu je schopna se naucÏit a kazÏdaÂ konőgurace podobnyÂ zaÂznam o tom, co vsÏechno umõÂ, poprÏõÂpadeÏ jak moc to umõÂ. PrÏedpoklaÂdaÂ se, zÏe jedna struktura cÏi konőgurace muÊzÏe mõÂt võÂce zaÂznamuÊ a hierarchickeÂ usporÏaÂdaÂnõÂ struktur (naprÏõÂklad RBF sõÂt’ umõÂ to, co kazÏdaÂ neuronovaÂ sõÂt’a jesÏteÏ neÏco navõÂc).

CõÂlem cÏlaÂnku je navrhnout jazyk, vhodnyÂ pro vytvaÂrÏenõÂ takovyÂchto zaÂznamuÊ. DaÂle je trÏeba, abychom poznali, zÏe zaÂznamy vytvaÂrÏeneÂ ruÊznyÂmi uzÏivateli pro stejnou cÏi podobnou konőguraci si jsou podobneÂ. Tento probleÂm alesponÏ cÏaÂstecÏneÏ rÏesÏõÂ ontologie a dalsÏõÂm cõÂlem meÂho cÏlaÂnku je proto diskuse o pouzÏitõÂ ontologiõÂ v Bangu.

1. UÂ vod

HybridnõÂ modely, zejmeÂna kombinace metod umeÏleÂ inteligence, jako jsou naprÏõÂklad neuronoveÂ sõÂteÏ, genetickeÂ algoritmy cÏi fuzzy logickeÂ kontrolery, se zdajõÂ byÂt slibnou oblastõÂ vyÂzkumu a jsou teÂzÏ smeÏrem v soucÏasneÂ dobeÏ pomeÏrneÏ rozsÏõÂrÏenyÂm [1]. My jsme s nimi experimentovali v prÏedchozõÂ implementaci nasÏeho systeÂmu (popsaÂn v praÂci [3]) s povzbuzujõÂcõÂmi vyÂsledky soudeÏ alesponÏ podle srovnaÂvacõÂch testuÊ [3].

Bang sestaÂvaÂ z populace agentuÊ zÏijõÂcõÂch v prostrÏedõÂ, ktereÂ poskytuje nezbytneÂ sluzÏby, jako vytvaÂrÏenõÂ novyÂch agentuÊ, komunikaci pomocõÂ zpraÂv a distribuovaneÂ spousteÏnõÂ v pocÏõÂtacÏoveÂ sõÂti a mobilitu. OstatnõÂ duÊlezÏiteÂ sluzÏby jako databaÂze algoritmuÊ, seznam bezÏõÂcõÂch procesuÊ, zajisÏteÏnõÂ persistence dat, load balancing, textoveÂ a graőckeÂ rozhranõÂ pro uzÏivatele uzÏ jsou zajisÏt’ovaÂny na łuzÏivatelskeÂ uÂrovniž, tedy agenty.

Pojem inteligetnõÂho softwaroveÂho agenta vznikl z potrÏeby mõÂt kusy softwaru, ktereÂ by byly do jisteÂ mõÂry autonomnõÂ, samostatneÏ se rozhodujõÂcõÂ a poprÏõÂpadeÏ schopneÂ si sehnat informace, ktereÂ ke sveÂmu rozhodovaÂnõÂ potrÏebujõÂ. PrÏõÂklady dnes pouzÏõÂvanyÂch agentuÊ jsou roboti vyhledaÂvajõÂcõÂ informace na internetu, cÏi elektronickeÂ sekretaÂrÏky. NicmeÂneÏ acÏ je softwarovyÂ agent velice vdeÏcÏneÂ teÂma pro pro veÏdeckeÂ cÏlaÂnky neexistuje pro neÏj, na rozdõÂl od naprÏõÂklad objektu (ve smyslu objektoveÏ orientovaneÂho programovaÂnõÂ) zÏaÂdnaÂ jednotnaÂ deőnice. RuÊzneÂ deőnice agenta jsou prodiskutovaÂny naprÏõÂklad ve vyÂborneÂm uÂvodnõÂm cÏlaÂnku od pana Franklina [2].

ObecneÏ, softwarovyÂ agent je pocÏõÂtacÏovyÂ program, kteryÂ je autonomnõÂ, vnõÂmaÂ stav a zmeÏny ve sveÂm okolõÂ a odpovõÂdaÂ na neÏ, sleduje tõÂm vlastnõÂ cõÂle. TakovyÂto agent muÊzÏe byÂt adaptivnõÂ cÏi inteligentnõÂ, ve smyslu byÂt schopen sbõÂrat informace, ktereÂ potrÏebuje, neÏjakyÂm soőstikovanyÂm zpuÊsobem. NasÏi agenti jsou navõÂc mobilnõÂ (mohou se prÏemõÂstit na jinyÂ pocÏõÂtacÏ) a trvalõÂ (persistentnõÂ), tedy schopnõÂ prÏezÏõÂt i poteÂ, co prÏestane existovat jejich prostrÏedõÂ. NeuvazÏujeme o jinyÂch łtypickyÂchž vlastnostech agentuÊ jako simulace lidskyÂch emocõÂ, naÂlady atp.

ProstrÏedõÂ v Bangu daÂvaÂ agentuÊm mozÏnost komunikovat pomocõÂ zpraÂv. ZpraÂvy mohou byÂt synchronnõÂ cÏi asynchronnõÂ a za podstatneÂ povazÏuji teÂzÏ tzv. location transparency, tedy skrytõÂ rozdõÂluÊ mezi tõÂm, jestli agenti, kterÏõÂ spolu komunikujõÂ, jsou na stejneÂm nebo na ruÊznyÂch pocÏõÂtacÏõÂch.

CelyÂ Bang je psaÂn v C++. Agenti jsou trÏõÂdy odvozeneÂ od zaÂkladnõÂ trÏõÂdy Agent, kteraÂ umõÂ reagovat na neÏkolik zaÂkladnõÂch zpraÂv (ping aneb zÏijesÏ?, prÏemõÂsti se na jinyÂ pocÏõÂtacÏ, ukoncÏi se). ProgramaÂtor noveÂho agenta pak jen prÏipisuje triggery. Trigger je procedura reagujõÂcõÂ na jednu konkreÂtnõÂ zpraÂvu. ProstrÏedõÂ prÏijõÂmaÂ zpraÂvy a spousÏtõÂ odpovõÂdajõÂcõÂ triggery agentuÊ.

2. ZlateÂ a bõÂleÂ straÂnky

Bang obsahuje velkou spoustu agentuÊ, kterÏõÂ jsou dobrÏe popsaÂni v on-line manuaÂlu [9]. ZmõÂnõÂm se tedy jen agentech bezprostrÏedneÏ souvisejõÂcõÂch s nasÏõÂm uÂkolem.

Nejprve se vraÂtõÂm k deőnicõÂm pojmuÊ, ktereÂ uzÏ jsem pouzÏila v abstraktu.

DatovaÂ struktura popisuje vsÏechny volneÂ promeÏnneÂ objektu, kteryÂ chceme ucÏit. V prÏõÂpadeÏ doprÏedneÂ sõÂteÏ to jsou vaÂhy vcÏetneÏ prahuÊ, a prÏõÂpadneÏ konstanty pro ucÏõÂcõÂ algoritmy.

Konőgurace je konkreÂtnõÂ nastavenõÂ promeÏnnyÂch v datoveÂ strukturÏe, naprÏõÂklad vaÂhovyÂ vektor uzÏ naucÏeneÂ sõÂteÏ.

Agent obsahuje libovolnyÂ pocÏet datovyÂch struktur a ucÏõÂcõÂch cÏi pomocnyÂch algoritmuÊ.

Agenti v Bangu jsou ruÊznyÂch druhuÊ. Agenti systeÂmovõÂ zajisÏt’ujõÂ mnoho uzÏitecÏnyÂch sluzÏeb, ktereÂ prostrÏedõÂ dõÂky snaze byÂt co nejjednodusÏsÏõÂ nedeÏlaÂ. UI agenti deÏlajõÂ tu praÂci, kvuÊli ktereÂ je Bang psaÂn, tj. obalujõÂ neÏjakou datovou strukturu a jejõÂ ucÏõÂcõÂ algoritmy a nakonec pomocnõÂ agenti poskytujõÂ ruÊzneÂ, veÏtsÏinou numerickeÂ, operace pro ostatnõÂ agenty.

ZmõÂnõÂm se o dvou systeÂmovyÂch agentech, ZlatyÂch a BõÂlyÂch straÂnkaÂch. ZlateÂ straÂnky jsou databaÂzõÂ zÏijõÂcõÂch (rozumeÏj beÏzÏõÂcõÂch) agentuÊ. UchovaÂvajõÂ informace o jejich jmeÂnech, strukturÏe a schopnostech. KazÏdyÂ agent se ihned po vytvorÏenõÂ registruje u ZlatyÂch straÂnek a informuje je prÏi prÏemõÂsteÏnõÂ na jinyÂ pocÏõÂtacÏ cÏi prÏi ukoncÏenõÂ.

BõÂleÂ straÂnky udrzÏujõÂ informace o agentech, kterÏõÂ nebeÏzÏõÂ, nicmeÂneÏ je mozÏneÂ je spustit. TakeÂ zajisÏt’ujõÂ persistenci dat, to znamenaÂ, zÏe uklaÂdajõÂ stav agentuÊ, kterÏõÂ o to pozÏaÂdajõÂ, at’uzÏ jde o naucÏenou konőguraci, cÏi docÏasneÏ prÏerusÏenyÂ vyÂpocÏet.

ZaÂznam pro jednu strukturu cÏi konőguraci maÂ naÂsledujõÂcõÂ polozÏky: typ, popis, vnitrÏnõÂ stav a pomocneÂ informace. Typ a popis trÏõÂdõÂ datoveÂ struktury podle dvou ruÊznyÂch hledisek. Typ trÏõÂdõÂ podle struktury, hierarchicky, naprÏõÂklad orientovanyÂ graf → neuronovaÂ sõÂt’ → konőgurace neuronoveÂ sõÂteÏ. Popis podle funkce, takteÂzÏ hierarchicky.

3. Jazyky

MaÂme neÏkolik mozÏnostõÂ, jak zaznamenaÂvat schopnosti datoveÂ struktury cÏi konőgurace. Bud’ prÏirozenyÂm jazykem, ovsÏem potom je trÏeba rÏesÏit jeho nejednoznacÏnost a pomaleÂ vyhledaÂvaÂnõÂ, nebo jednoznacÏneÏ urcÏenyÂmi hesly (jednoznacÏnost by se zarucÏila pomocõÂ ontologiõÂ (viz naÂsledujõÂcõÂ odstavec)), cozÏ povazÏuji za ne dost obecneÂ rÏesÏenõÂ. Nebo pomocõÂ neÏjakeÂho jazyka pro popis znalostõÂ agentuÊ. Vzhledem k tomu, zÏe agenti jsou pomeÏrneÏ populaÂrnõÂ, je takovyÂchto jazykuÊ pomeÏrneÏ dost.

VyÂhody poslednõÂho rÏesÏenõÂ jsou naÂsledujõÂcõÂ: jazyk dost obecnyÂ, aby byl schopen popsat toteÂzÏ, co prÏirozenyÂ jazyk, v prÏõÂpadeÏ, zÏe pouzÏijeme jazyk dostatecÏneÏ rozsÏõÂrÏenyÂ, zõÂskaÂme mozÏnost komunikovat s agenty za hranicemi Bangu.

Jazyky, o kteryÂch budu psaÂt, je mozÏneÂ rozdeÏlit do trÏõÂ skupin. V prvnõÂ skupineÏ jsou jazyky navrzÏeneÂ prÏõÂmo pro reprezentaci znalostõÂ. Dost rozsÏõÂrÏeneÂ na to, aby prÏipadaly v uÂvahu, jsou dva, KIF [5] a ACL-Lisp [4]. Jsou si velice podobneÂ, pouzÏõÂvajõÂ lispovskou syntax, jsou zalozÏeneÂ na predikaÂtoveÂ logice. Potom vyhledaÂvaÂnõÂ nemusõÂ daÂvat prÏesneÂ vyÂsledky v duÊsledku nerozhodnutelnosti predikaÂtoveÂ logiky. VyÂhody teÏchto jazykuÊ jsou v jejich znacÏneÂm rozsÏõÂrÏenõÂ mezi agenty, nicmeÂneÏ jsou asi o neÏco obecneÏjsÏõÂ, a tedy i slozÏiteÏjsÏõÂ, nezÏ potrÏebujeme.

V druheÂ skupineÏ jsou jazyky navrzÏeneÂ pro prÏenos dat ve formaÂtu cÏitelneÂm pro uzÏivatele i pocÏõÂtacÏ. ByÂvajõÂ zalozÏeny na XML, cozÏ je sympatickeÂ, nebot’ Bang pouzÏõÂvaÂ XML pro komunikaci mezi agenty. PrÏõÂklady takovyÂchto jazykuÊ jsou PMML [6] cÏi XSIL [7].

4. Ontologie

Slova v prÏirozeneÂm jazyce jsou nejen deőnovanaÂ pomeÏrneÏ neprÏesneÏ, ale takeÂ majõÂ v ruÊznyÂch kontextech ruÊzneÂ vyÂznamy. Tento probleÂm se alesponÏ cÏaÂstecÏneÏ snazÏõÂ rÏesÏit ontologie.

Ontologie jsou seznam deőnic, veÏnovanyÂch urcÏiteÂ oblasti. Agenti, kterÏõÂ znajõÂ stejnou ontologii, mohou v komunikaci pouzÏõÂvat termõÂny v nõÂ deőnovaneÂ a ocÏekaÂvat, zÏe si budou rozumeÏt.

Existuje projekt Ontolingua s cõÂlem vytvorÏit globaÂlnõÂ databaÂzi ontologiõÂ [10]. Jazyk KIF byl navrzÏen praÂveÏ pro tento uÂcÏel.

5. Ontologie v Bangu

NaÂmi rÏesÏenyÂ probleÂm, jak jednoznacÏneÏ popsat funkcÏnost cÏaÂstõÂ Bangu, se daÂ redukovat na probleÂm vytvorÏit ontologii pro Bang. Vzhledem k tomu, zÏe Ontolingua je pomeÏrneÏ pouzÏõÂvanaÂ, je vhodneÂ pouzÏõÂvat jazyk velmi blõÂzkyÂ KIFu. Na druhou stranu Bang pouzÏõÂvaÂ XML pro komunikaci mezi agenty. NavrzÏenyÂ jazyk bude podmnozÏinou KIFu, deőnovanyÂ v XML.

6. ZaÂveÏr a vyÂhledy do budoucna

Jazyk pro popis agentuÊ je navrzÏen, zbyÂvaÂ ho naimplementovat do Bangu a ukaÂzat jeho uzÏitecÏnost na konkreÂtnõÂch prÏõÂkladech. VytvorÏenõÂ jazyka, kteryÂ srozumitelneÏ pro cÏloveÏka i pocÏõÂtacÏ popisuje strukturu a schopnosti datovyÂch struktur a konőguracõÂ, je prvnõÂm krokem k daleko zajõÂmaveÏjsÏõÂm probleÂmuÊm, ktereÂ mimochodem takeÂ osveÏtlujõÂ pouzÏitõÂ agentuÊ v Bangu namõÂsto prostyÂch objektuÊ, a to je vzaÂjemnaÂ vyjednaÂvaÂnõÂ mezi agenty na spolupraÂci prÏi rÏesÏenõÂ probleÂmuÊ a dokonce (polo)automatickeÂ vytvaÂrÏenõÂ scheÂmat pro hybridnõÂ systeÂmy.

References

[1] Pietro P. Bonissone, łSoft computing: the convergence of emerging reasoning technologiesž, Soft Computing, vol. 1, pp. 6ś18, 1997.

[2] Stan Franklin and Art Graesser, łIs it an Agent, or just a Program?: A Taxonomy for Autonomous Agentsž, Intelligent Agents III, pp. 21ś35, 1997.

[3] Roman Neruda and Pavel KrusÏina, łCreating Hybrid AI Models with Bangž, Signal Processing, Communications and Computer Science, vol. I, pp. 228ś233, 2000.

[4] łAgent Communication Languagež, Technical report, Foundation for Intelligent Physical Agents, 1998.

[5] Michael Genesereth and Richard Fikes, łKnowledge interchange format, v3.0 reference manualž, Technical report, Computer Science Department, Stanford University, 1995.

[6] łPMML v1.1 Predictive Model Markup Language Speciőcationž, Technical report, Data Mining Group, 2000.

[7] Roy Williams, łJAVA/XML for Scientiőc Dataž, Technical report, California Institute of Technology, 2000.

[8] Extensible Markup Language (XML) 1.0 (Second Edition) W3C Recommendation, 2000. [9] Bang2 homepage, http://bang2.sourceforge.net, 2001. [10] Ontolingua homepage, http://ksl-web.stanford.edu/kst/ontolingua.html.

Comparison of Linear and Neural Network Approximation

doktorand:

TEREZIE SÏ IDLOFOVA^Â

sÏkolitel:

VE^Ï RA K ÊURKOVA^Â

Institute of Computer Science, Academy of Sciences of the Czech Republic Pod vodaÂrenskou veÏzÏõÂ 2, P.0. Box 5, 182 07 Prague 8, Czech Republic

Institute of Computer Science, Academy of Sciences of the Czech Republic Pod vodaÂrenskou veÏzÏõÂ 2, P.0. Box 5, 182 07 Prague 8, Czech Republic

terka@cs.cas.cz vera@cs.cas.cz

obor studia:

TeoretickaÂ Informatika

Abstrakt

We prove Maurey-Jones-Barron rates of approximation (extended to L^p-spaces to be valid for onehidden-layer neural network schemes with activation functions from L^∞-spaces. We propose extension to this result. We use operator notation to compare NN-approximation to the linear one.

1. Introduction

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

These are very nice results but insufőcient. An important quality of the approximation scheme is the speed of convergence. It is well known that linear approximation schemes have also the property of being able to approximate žanyž function arbitrarily closely. The advantage of neural network schemes is in the ŕexibility of the interior 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 reŕect 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.

2. Preliminaries Let (X, ‖.‖) be a normed linear space. We denote by B_r(‖.‖) the ball of radius r in norm ‖.‖ i.e. B_r(‖.‖) = {x ∈ X; ‖x‖ ≤ r}. For G a subset of (X, ‖.‖) and c ∈ R we deőne G(c) := {wg; g ∈ G, w ∈ 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_n G := { ∑_n i=1 w_ig_i; w_i ∈ R, g_i ∈ G}. Convex hull of G shall be denoted by conv G and analogously we deőne convex hull of at most n elements of G: conv_n G := { ∑_n i=1 v_ig_i; v_i ∈ [0, 1], ∑_n i=1 v_i = 1, g_i ∈ G}. By ‖f − G‖ := inf_{g∈G} ‖f − g‖ we denote the distance of f from G. We deőne the notion of G-variation as the Minkovski functional of the set cl G(1):

‖f‖_G := inf{c ∈ R^+ ; f ∈ cl_{‖.‖} conv G(c)}.

To describe linear approximation we use the notion of Kolmogorov width deőned for Y ⊆ (X, ‖.‖) as d_n(Y ) = inf_{Xn} sup_{f ∈Y} ‖f − X_n‖,

where X_n are n-dimensional subspaces of X.

Neural networks consist of interconnected computational units with activation functions depending on parameters and input variables: ϕ(x, a) : R^d × R^k → R, where a are parameters and x input. One hidden layer network with n ϕ-type units computes a function of d variables of the form: f(x) = n∑ i=1 w_iϕ(x, a_i), where w_i ∈ R, a_i ∈ R^k and n ∈ N^+ .

We extend this notion to continuum of hidden units obtaining f(x) = ∫ A w(a)ϕ(x, a)da, where x ∈ (H ⊆ R^d ), a ∈ (A ⊆ R^k ). We can consider this scheme in operator terms having f = T_ϕ(w), where T_ϕ is an operator from the set of function on A (for example L^p(A, λ_k )) into a set of functions on R^d (possibly also L^p(H, λ_d), where H ⊆ R^d .) By s_n(T_ϕ) we denote the n-th singular number of the operator T_ϕ.

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, μ) be a locally compact space, where μ is complete Radon measure (for example the Lebesgue measure on R^n ) and f be μ-almost everywhere őnite function on P . Then the following conditions are equivalent:

(i) f is μ-measurable;

(ii) for any ε > 0 and any compact set K ⊂ P there is an open set E so that μE < ε and f | |_{K\E} is continuous;

(iii) for any ε > 0 and any compact set K ⊂ P there exists a continuous function ~f on P such that μ{x ∈ K : f(x) ≠ ~f(x)} < ε;

(iv) for every compact set K ⊂ P there exists a sequence { ~f_n} of continuous functions on P such that

~f_n → f μ − almost everywhere on K.

An easy consequence of the Luzin’s theorem for P a countable union of compact sets (any R^n ) gives a more useful form of statement (iii):

(iii’) for any ε > 0 there exists a continuous function ~f on P and an open set E such that μE < ε and ~f = f on P \ E.

3. Deriving Rates of Approximation

It is useful to consider neural network approximation in the form of its limit as an integral thus having instead of the őnite sum f(x) = ∑_n i=1 w_iϕ(x, a_i) the integral of the form f(x) = ∫ A w(a)ϕ(x, a)da, f : H → R, where A is a compact subset of R^k , H a compact subset of R^d (compactness is reasonable to demand in real case.) We use an extension to the Maurey-Jones-Barron theorem by Darken et al. [3], reformulated in [6], that estimates rates of approximation by functions from span_n G, where G is a bounded subset of L_p-space, 1 < p < ∞. These estimates don’t exhibit the curse of dimensionality.

Theorem 3.1 Let X be a őnite measure space. Let G be a bounded subset of L_p(X), 1 < p < ∞ and s_G = sup_{g∈G} ‖g‖. Then for every f ∈ L_p(X) and n ∈ N^+ ‖f − span_n G‖_p ≤ 2^{1+1/p̄}‖f‖_Gs_G n^{1/q̄} , where q = p/(p − 1), p̄ = min(p, q) and q̄ = max(p, q).

Note that for p = 2 we get the original Maurey-Jones-Barron rates of approximation of the order of O(1/ √ n). Observing the results of theorem 3.1 we see that reasonable rates of approximation are obtainable for functions with őnite ‖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 őnd conditions that would guarantee the desired function f(x) = ∫ A w(a)ϕ(x, a)da to be in the convex closure cl conv_{‖.‖} G (thus the norm ‖f‖_G be őnite) to apply Theorem 3.1 for neural networks. The function f has been proven to be in the convex closure of G for ϕ, w continuous functions, see KÊurkovaÂ et al. [4].

Theorem 3.2 Let d, k be any positive integers, H be a compact subset of R^d and let f ∈ C(H) be any function that can be represented as f(x) = ∫ A w(a)ϕ(x, a)da, where A ⊆ R^k , w ∈ C(A) is compactly supported and ϕ ∈ C(R^d ×A). Denote G = {ϕ(x, a), a ∈ A}, M = {a ∈ A; ∃x ∈ H :: w(a)ϕ(x, a) ≠ 0}. Then ‖f‖_G ≤ ∫ M |w(a)|da

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

Corollary 3.3 Under assumptions of the previous theorem it holds: ‖T_ϕ(w)‖_{Gϕ} ≤ ‖w‖_1

Now we present extension of this theorem to L_p-spaces. We make use of the Luzin’s Theorem 2.1 to prove ‖f‖_G to be őnite for f computed by one-hidden-layer neural network with L^∞ activation functions.

Theorem 3.4 Let k, d be positive integers, A a compact subset of R^k and H a compact subset of R^d . Let w ∈ L_p(A, λ_k ) and ϕ ∈ L_p(A × H, λ_{k+d}) for some 1 < p < ∞ such that there exists a b so that w ≤ b λ_k -almost everywhere on A and ϕ ≤ b λ_{k+d}-almost everywhere on A × H. Let f(x) := ∫ A w(a)ϕ(x, a)da and G = {ϕ(x, a), a ∈ A}. Then ‖f‖_G ≤ ‖w‖_1.

Proof:

The statement can be equivalently rewritten as follows: f(x) = ∫ A w(a)ϕ(x, a)da ∈ cl_p conv{c_iϕ(x, a_i), a_i ∈ A, |c_i| ≤ ‖w‖_1}. It sufőces to show: (∀ε > 0)(∃g ∈ conv{c_iϕ(x, a_i), a ∈ A, c_i ≤ ‖w‖_1}) such that ‖f − g‖_p < ε, where f(x) := ∫ A w(a)ϕ(x, a)da Thus we are searching for a g of the form g = ∑_m i=1 c_iϕ(x, a_i) that is within ε from f and ∑_m i=1 c_i ≤ ‖w‖_1.

We will make use of the Luzin’s Theorem 2.1 (iii’) to derive useful facts from 3.2: For all ε_n > 0 there exist continuous functions ~w_n and ~ϕ_n on A and A × H respectively and sets E_n and F_n, such that ~w_n = w on A \ E_n and ~ϕ_n = ϕ on (A × H) \ F_n, where λ_k(E_n) < ε_n and λ_{k+d}(F_n) < ε_n. Now we deőne an open set U_n ⊇ { {a ∈ A; λ_d{(a, −) ∈ F_n} > √ ε_n} ∪ E_n } We observe that λ_k(U_n) < √ ε_n + ε_n (use the Fubini’s Theorem for the őrst part). Thus we have λ_k(U_n) < 2 √ ε_n for ε_n < 1. Now we deőne

f_n(x) := ∫ A\U_n ~ϕ_n(x, a) ~w_n(a)da. Now split the further proof (the formula ‖f − g‖_p into three parts:

‖f − g‖_p ≤ A ‖f − f_n‖_p + B ‖f_n − m_n∑

i=1 c_i ~ϕ_n(−, a_i)‖_p + C ‖ m_n∑

i=1 c_i ~ϕ_n(−, a_i) − m_n∑

i=1 c_iϕ(−, a_i)‖_p and prove all of them to be less or equal to ε/3, where ε was őxed at the beginning.

(A) Without loss of generality we put p = 1 for better transparency.

‖f − f_n‖_p = (1) ∫ H ∫ A |w(a)ϕ(x, a) − ~w_n(a)~ϕ_n(x, a)|dadx + (2) ∫ H ∫ U_n | ~w_n(a)~ϕ_n(x, a)|dadx

We deal with both the parts separately (and use Fubini’s Theorem):

(1) = ∫ (_{H×(A\En)})_{\Fn} |w(a)ϕ(x, a) − ~wn(a)~ϕn(x, a)| =0 dadx+

+ ∫ F_n |w(a)ϕ(x, a) − ~w_n(a)~ϕ_n(x, a)| ≤2b^2 dadx+

+ ∫ E_n ∫ H |w(a)ϕ(x, a) − ~w_n(a)~ϕ_n(x, a)| ≤2b^2 dadx ≤

≤ 0 + ε_n2b^2 + ε_nλ_d(H)2b^2 = ε_n2b^2(1 + λ_d(H))

The second part is easier:

(2) = ∫ U_n ∫ H | ~w_n(a)~ϕ_n(x, a)| ≤b^2 dadx ≤ √ ε_nλ_d(H)b^2.

Altogether we get:

‖f − f_n‖ ≤ λ_d(H)b^2(4ε_n + √ ε_n). Now we can easily őnd n such that ‖f − f_n‖ ≤ ε/3. We őx this n and continue with the second part:

(B) We have f_n deőned as integral over a compact set A \ U_n of continuous functions ~w_n(a) and ~ϕ_n(x, a).

f_n(x) := ∫ A\U_n ~ϕ_n(x, a) ~w_n(a)da. Thus using Theorem 3.2 we know: ∀ξ > 0 ∃m_n :: ‖f_n − m_n∑

i=1 c_i ~ϕ_n(−, a_i)‖_C < ξ

We őnd such m_n so that ‖f_n − ∑_{mn} i=1 c_i ~ϕ_n(−, a_i)‖_C < ε/(3λ_d(H)). Thus we get ‖f_n − m_n∑

i=1 c_i ~ϕ_n(−, a_i)‖_p = ∫ H |f_n(x) − m_n∑

i=1 c_i ~ϕ_n(x, a_i)| <ε/(3λ_d (H)) dx ≤ ε 3

We proceed to the third part.

(C)We have to notice that by F_n | |_H we mean projection of F_n onto H.

‖ m_n∑

i=1 c_i ~ϕ_n(−, a_i) − m_n∑

i=1 c_iϕ(−, a_i)‖_p = ∫ H | m_n∑

i=1 c_i ~ϕ_n(x, a_i) − m_n∑

i=1 c_iϕ(x, a_i)|dx ≤ ∫ H\(F_n | |_{H )} | m_n∑

i=1 c_i ~ϕ_n(x, a_i) − m_n∑

i=1 c_iϕ(x, a_i)| =0 dx + ∫ F_n | |_H | m_n∑

i=1 c_i ~ϕ_n(x, a_i) − m_n∑

i=1 c_iϕ(x, a_i)|dx

≤ 0 + ∫ F_n | |_H | m_n∑

i=1 c_i(~ϕ_n − ϕ)(x, a_i)|dx ≤ m_n∑

i=1 |c_i| ∫ F_n | |_H |(~ϕ_n − ϕ)(x, a_i)| ≤2b dx = ∗

As of a_i /∈ U_n we obtain the constraint on the measure of the set over which we are integrating: λ_d(F_n | |_H ) ≤ √ε_n for all a_i. We conclude ∗ ≤ 2b √ ε_n m_n∑

i=1 c_i ≤ 2b √ ε_n‖w‖_1, because_{mn} ∑ i=1 c_i ≤ ∫ A\U_n | ~w_n(a)|da = ∫ A\U_n |w(a)|da ≤ ‖w‖_1 It is easy to őnd an ε_n that secures all of the A, B, C parts to be ≤ ε/3 which is what we wanted. □

Corollary 3.5 Under the assumtpions of Theorem 3.4 we have: ‖T_ϕ(w)‖_{Gϕ} ≤ ‖w‖_1.

Proof: An easy consequence of Theorem 3.4 and deőnitions of T_ϕ and ‖.‖_{Gϕ} . □

4. Linear versus Nonlinear Approximation

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

Theorem 4.1 Let (X, ‖.‖_X ) and (Y, ‖.‖_Y ) be two Hilbert spaces and T : X → Y be a compact operator. Then for every positive integer n d_n(T (B_1(X)), Y ) = s_{n+1}(T ) .

We use this Theorem together with the results of the previous section having for f(x) := ∫ A w(a)ϕ(x, a)da and G = {ϕ(x, a), a ∈ A}: ‖f‖_G ≤ ‖w‖_1 We apply the operator notation introduced at the beginning to reformulate this result. We have f = T_ϕ(w). Using the previous inequality we obtain: T_ϕ(B_1(‖.‖_1)) ⊆ B_1(‖.‖_G ).

Using Theorem 4.1 for p = 2 we have: d_n(B_1(‖.‖_G )) ≥ d_n(T_ϕ(B_1(‖.‖_1)) = s_{n+1}(T )

Our futher focus is on the speed of s_n 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 convergence given by d_n).

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 L^∞ activation functions to be of the order O(n^{1/q̄} ) (q derived from the embedding into L^p-space, see 3.1) thus avoiding the curse of dimensionality. We have shown the possible progress in the őeld 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 L^p-functions on őnite measure spaces without the restriction on up to measure zero őniteness of the function.

References

[1] Barron, A. R. (1992) Neural net approximation. In Proceedings of the 7th Yale Workshop on Adaptive and Learning Systems (pp. 69ś72) [2] Barron, A. R. (1993) Universal approximation bounds for superposition of a sigmoidal function.

IEEE Transactions on Information Theory, 39, 930ś945 [3] Darken C., Donahue M., Gurvits L., Sontag E., Rate of Approximation Results Motivated by Robust Neural Network Learning, In proceedings of the 6th Annual ACM Conference on Computational Learning Theory, Santa Cruz, CA, pp. 303-309, 1993.

[4] KÊurkovaÂ V., Kainen P.C., Kreinowich V., Estimates of the Number of Hidden Units and Variation with Respect to Half-Spaces, Neural Networks, vol. 10, no. 6, pp. 1061-1068, 1997.

[5] KÊurkovaÂ V., Neural Networks as Nonlinear Approximators, Proceedings of the Second ICSC Symposium on Neural Computation, Berlin, pp. 29-35, 2000 [6] KÊurkovaÂ V., High-dimensional approximation by neural networks. In proceedings of Theory and Practice (to appear.)

[7] Leshno M., Lin V., Pinkus A., Schocken S. (1993) Multilayer feedforward networks with a non-polynomial activation function can approximate and function Neural Networks, 6, 861-867.

[8] LukesÏ J., ZaÂpisky z funkcionaÂlnõÂ analyÂzy, Karolinum, UK Praha, 2002. [9] LukesÏ J., MalyÂ J., Measure and Integral, Matfyzpress, Praha, 1995.

[10] Park J., Sandberg I. W. (1993) Approximation and radial-basis-function networks Neural Computation, 5, 305-316.

[11] Pinkus A., n-Widths in Approximation Theory, Springer-Verlag, Berlin-Heidelberg, Germany, 1985.

Radial Implicative Fuzzy Inference Systems

doktorand:

ING. DAVID COUFAL

sÏkolitel:

DOC. ING. STANISLAV KREJC^ÏI^Â, CSC.

Institute of Computer Science University of Pardubice

david.coufal@cs.cas.cz Stanislav.Krejci@upce.cz

obor studia:

Technical cybernetics

Abstrakt

The paper surveys the basic knowledge about the special class of fuzzy inference systems which is the class of the radial implicative fuzzy inference systems. It is presented their deőnition 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 FIS is given by four building blocks, a fuzziőer, a rule base, an inference engine and a deffuziőer. The input signal ŕows from fuzziőer, through inference engine, which cooperates with a rule base, to the deffuziőer. Mathematically, a FIS (in MISO conőguration) performs a function from R^n to R. A łknowledgež of a FIS is stored in the rule base. This is traditionally given by a set of m IF-THEN rules. An IF-THEN rule has the canonical form IF x_1 is A_{j1} and x_2 is A_{j2} and . . . and x_n is A_{jn} THEN y is B_j , (4)span where A_{ji}, B_j , i = 1, . . . , n, j = 1, . . . , m are fuzzy sets deőned on respective universal sets X_1, . . . , X_n, X_i ⊆ R, Y ⊆ R. The linguistic connective and is represented by a t-norm (associative, commutative, monotone and conjunction-like operation from [0, 1]^2 to [0, 1], see [1, 2] for exact deőnition). Considering n > 1 we have antecedent of a rule representing a fuzzy relation on X_1 × X_2 × · · · × X_n given as A_j (x) = A_{j1}(x_1) ⋆ A_{j2}(x_2) ⋆ · · · ⋆ A_{jn}(x_n), (5)span where ⋆ symbol represents a t-norm. Having particular fuzzy sets given as Gaussians and t-norm as product we have above as

A_j (x) = exp [ − (x_1 − a_{j1})^2

b^2_{j1} ] · exp [ − (x_2 − a_{j2})^2 b^2_{j2} ] · · · · · exp [ − (x_n − a_{jn})^2 b^2_{jn} ] . (6)span which is on base of Gaussians properties

A_j (x) = exp [ − n∑ i=1 (x_i − a_{ji})^2 b^2_{ji} ] = exp [ −||x − a_j ||^2_{Eb} ] , (7)span

where a_j = (a_{j1}, . . . , a_{jn}), a_j ∈ R^n, is the vector of centers of particular fuzzy sets A_{ji}, b_j = (b_{j1}, . . . , b_{jn}), b ∈ R^n_+ is the vector of theirs width parameters and || · ||_{Eb} is the scaled Euclidean norm deőned as ||u||_{Eb} = n ∑ i=1 u^2_i b^2_i

. (8)span

Comparing the form of antecedent and succedent,

A_j (x) = exp [ −||x − a_j ||^2_b ] B_j (y) = exp [ −(y − c)^2/d^2 ] , (9)span

we see that they have the same form. That is, their computation is given, up to dimension, by the same radial basis function. Actually, this property gives the formal deőnition of radial FIS.

A FIS is called radial if there exists a non-increasing function act : [0, +∞) → [0, 1], act(0) = 1, lim_{s→+∞} act(s) = 0, and a strictly increasing function g : [0, +∞) → [0, +∞), g(0) = 0, both continuous, such that antecedent A_j (x) and succedent B_j (y) of the jth rule, j = 1, . . . , m, can be written as

A_j (x) = act( g(||x − a_j ||_{bj} ) ) and B_j (y) = act ( g (|y − c_j |/d_j ) ) . (10)span

On base of this deőnition we see that in above example the act function is given as act(s) = exp(−s) and g function as g(s) = s^2. There is a question if there can be deőned another radial FISs on base of other well known t-norms such as Lukasiewicz, deőned as x⋆y = max{0, x+y −1} and minimum x⋆y = min{x, y} and other shapes of fuzzy sets such as triangular ones. We have these two lemmas.

Lemma 1.1 Let A_{ji}, B_j be triangular fuzzy sets, i.e.,

A_{ji} = max { 0, 1 − | | | x_i − a_{ji} b_{ji} | | | } , B_j = max { 0, 1 − | | | y − c_j d_j | | | } , (11)span

and t-norm be chosen as minimum then resulting FIS is radial.

Proof: Considering antecedent of particular rule we have

A_j (x) = min_i { max { 0, 1 − | | | x_i − a_{ji} b_{ji} | | | }} , (12)

A_j (x) = max { 0, min_i { 1 − | | |x^i − a^{ji} b_{ji} | | | }} , (13)

A_j (x) = max { 0, 1 − max_i {| | | x_i − a_{ji} b_{ji} | | | | }} . (14)

Hence it is

A_j (x) = max{0, 1 − ||x − a_j ||_{Cbj} }, (15)span

where || · ||_{Cbj} is the scaled cubic norm given as ||u||_{Cbj} = max {| | | u_1 b_1 | | | , . . . , | | | u_n b_n | | | } , (16)span

for b = (b_1, . . . , b_n), b ∈ R^n_+.

Setting act(s) = max{0, 1 − s} for s ∈ [0, +∞) and g(s) = s, we have A_j (x) = act( g(||x − a||_{Cbj} ) ), (17) B_j (y) = max { 0, 1 − | | | y − c_j d_j | | | } = act ( g (| | | y − c_j d_j | | | )) . (18)

Hence Mamdani I-FIS is radial. □

Lemma 1.2 Let A_{ji}, B_j be triangular fuzzy sets, i.e.,

A_{ji} = max { 0, 1 − | | | | x_i − a_{ji} b_{ji} | | | | } , B_j = max { 0, 1 − | | | | y − c_j d_j | | | | } , (19)span

and t-norm be chosen as Lukasiewicz one then resulting FIS is radial.

Proof: By induction. Let n = 2 then we have for r_1 = (x − a_{j1})/b_{j1}, r_2 = (x − a_{j2})/b_{j2},

A_j (x) = max{0, max{0, 1 − |r_1|} + max{0, 1 − |r_2|} − 1}, (20) A_j (x) = max{0, 1 − (|r_1| + |r_2|)}. (21)

By the same manipulation we prove that for n > 2 we have

A_j (x) = max { 0, 1 − n∑ i=1 |r_i| } . (22)span

Considering the scaled octaedric norm in R^n deőned as ||u||_{Ob} = n∑ i=1 | | | | u_i b_i | | | | , (23)span

we have

A_j (x) = max{0, 1 − ||x − a_j ||_{Ob} }. (24)span

Setting again act(s) = max{0, 1 − s} for s ∈ [0, +∞) and g(s) = s we obtain a radial FIS. □

Note that considering l_p norms in R^n deőned for p ≥ 1 by

l_p(u) = (|u_1|^p + . . . |u_n|^p)^{1/p} (25)span

then their scaled counterparts for b ∈ R^n_+

l_{pb} (u) = (| | | u_1 b_1 | | | p + · · · + | | | u_n b_n | | | p)_{1/p} (26)span

are norms in R^n as well. Further it is

l_{(p=1)b} (u) = | | | | u_1 b_1 | | | | + · · · + | | | | u_n b_n | | | | = ||u||^Ob , (27)span

lim p→+∞ l_{pb} (u) = max {| | | u_1 b_1 | | | + · · · + | | | u_n b_n | | | } = ||u||_{Cb} . (28)span Thus we see that for the most important t-norms (any t-norm can be build from Lukasiewicz, product and minimum ones [2]) and usual shapes of fuzzy sets (triangular, Gaussians) there exists corresponding radial FIS.

2. Radial implicative fuzzy inference systems

A particular IF-THEN rule of a rule base is mathematically represented by a fuzzy relation. Its form depends on the shapes of fuzzy sets, used t-norm and interpretation of IF-THEN structure of a rule. Actually, there are two approaches known in the literature. It is the conjunctive approach and the implicative approach [1]. On the base of conjunctive one so called conjunctive FISs are deőned and on base of the implicative one the implicative FISs (I-FISs) are deőned.

In an implicative FIS antecedent and succedent are combined by a proper fuzzy implication given as the residuum of a t-norm used for and connective representation. A residuum → of a t-norm is generally given as (it is an operation from [0, 1]^2 to [0,1], see [1, 2]) x → y = sup_z {x ⋆ z ≤ y}. (29)span

For the three basic norms it is given as x → y=1 iff x ≤ y (this is a general property of all residua) and for x > y as • Lukasiewicz t-norm: x → y = 1 − x + y • product t-norm: x → y = y/x • minimum t-norm: x → y = y

Hence in an I-FIS a particular rule representation is given as R_j (x, y) = A_j (x) → B_j (y), (30) R_j (x, y) = (A_{j1}(x_1) ⋆ · · · ⋆ A_{jn}(x_n)) → B_j (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 t-norm representing a fuzzy intersection. The t-norm is the same as used for and connective representation. Thus we have RB(x, y) = m⋂ j=1 R_j (x, y) = R_1(x, y) ⋆ · · · ⋆ R_n(x, y). (32)span

Now we can state the deőnition of radial I-FIS. A FIS is radial implicative one if it is radial according to deőnition 1 and it has the implicative representation of rule base.

3. Computation of radial I-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 a response on input x^∗, has the form B^′(y) = sup_x {A^′_x∗ (x) ⋆ RB(x, y)}, (33)span

where A^′_x∗ (x) is the fuzzy set given by a fuzziőer as a response on the crisp input x^∗ ∈ R and ⋆ is the t-norm used for and connective representation. Using singleton fuzziőer, which is the most common choice in practice, transforming a crisp input on fuzzy singleton, i.e.,

fuzz(x^∗) = A^′_x∗ (x) = { 1 for x = x^∗ 0 for x ≠ x^∗ , (34)span and employing the fact that for any t-norm 0 ⋆ x = x ⋆ 0 = 0 we have above CRI rule (33) in the simpler form of B^′(y) = RB(x^∗, y). (35)span

Further considering the computation of CRI rule in a more restrictive form, so called Δ-CRI rule, we have above B^′(y) = Δ(RB(x^∗, y)), (36)span where Δ is an operation from [0,1] to {0, 1} deőned as

Δ(x) = { 1 for x = 1, 0 for x ∈ [0, 1). (37)span Since for any t-norm it is x ⋆ y = 1 if and only if x = 1 and y = 1 we can (36) write as B^′(y) = Δ(R_1(x^∗, y)) ⋆ · · · ⋆ Δ(R_n(x^∗, y)). (38)span So B^′(y) = 1 if and only if R_j (x^∗, y) = 1 simultaneously for all j = 1, . . . , m. Otherwise B^′(y) = 0. Hence B^′ is a crisp set.

Having particular rule represented in an implicative way it is R_j (x^∗, y) = 1 if and only if it is A_j (x^∗) ≤ B_j (y), which is given by the properties of residua. Considering an implicative FIS to be radial we can state these inequalities. d_j · ||x^∗ − a_j ||_{bj} ≥ |y − c_j |, (39) ||x^∗ − a_j ||_{bj} ≥ |y − c_j |/d_j , (40) g(||x^∗ − a_j ||_{bj} ) ≥ g(|y − c_j |/d_j ), (41) act(g(||x^∗ − a_j ||_{bj} )) ≤ act(g(|y − c_j |/d_j )), (42) A_j (x^∗) ≤ B_j (y). (43) Hence the set of those y satisfying A_j (x^∗) ≤ B_j (y)contains at least the closed interval I_j = [c_j − d_j · ||x^∗ − a_j ||_{bj} , c_j + d_j · ||x^∗ − a_j ||_{bj} ]. (44)span Considering by deőnition interval I_j such a set of those y for which R_j (x^∗, y) = 1 we see that the set of y for which B^′(y) = 1 is given by the intersection of I_j for j = 1, . . . , m. Formally, we can write computation of an inference engine using Δ-CRI rule in the case of radial I-FIS as

B^′ = m⋂ j=1 I_j . (45)span

Since an intersection of intervals is an interval as well (we consider that it is non empty) it is straithforward to consider as the őnal deffuziőed output of a radial I-FIS the middle point of B^′, i.e., y^∗ =

L(I_B′ ) + R(I_B′ ) 2 , (46)span where L(I_B′ ), R(I_B′ ) are the left or the right limit point of B^′, respectively.

Having stated the computation of a radial I-FIS we can investigate some of its properties such as coherence and universal approximation property. In the following sections we state important theorems regarding these properties without proofs.

4. Coherence The question of coherence is the question if for any input is the output of radial I-FIS always deőned. That is, for any x^∗ ∈ R^n it is ⋂ I_j ≠ ∅. The answer on this question is given by the following theorem.

Theorem 4.1 Let be w_{kl} for k, l = 1, . . . , m given as

w_{kl} = |c_k − c_l| ||a_k − a_l||_E for k ≠ l 0 for k = l

, (47)span

Then radial I − FIS is coherent if and only if for all elements w_{kl} it is

w_{kl} ≤ min{d_kα_k, d_lα_l}, (48)span

where α_j , j = 1, . . . , m, are positive numbers such that α_j · ||u||_E ≤ ||u||_{bj} (49)span for all u ∈ R^n.

5. Universal approximation property

The universal approximation property is an important property which justiőes the employment of radial I-FISs as controllers or other approximation tools. We are able to prove this property in the following form.

A system of functions G deőned on hypercube H = [p_1, q_1] × · · · × [p_n, q_n], i.e., H ⊆ R^n, exhibits the universal approximation property if for given ε > 0 and any continuous function f : H → R there exists a function g ∈ G such that for all x ∈ H it is |f(x) − g(x)| < ε. (50)span

Theorem 5.1 Let G be the system of functions given by the computation of all coherent radial I − FISs deőned on given hypercube H, H ⊆ R^n. Then G has the universal approximation property in the sense of deőnition 5.

6. Conclusion

It was deőned the class of fuzzy inference systems which was the class of radial implicative fuzzy inference systems. It was shown that important t-norms can be combined with important shapes of fuzzy sets to obtain radial I-FISs. It was shown that the computation of radial implicative FISs is given by intersection of intervals and there was presented sufőcient and necessary condition to radial I-FIS be coherent. Moreover, the class of radial implicative fuzzy inference systems exhibits the universal approximation property.

References

[1] Klir G.J., Yuan B. Fuzzy sets and Fuzzy logic - Theory and Applications, Prentice Hall, 1995 [2] HaÂjek P., Metamathematics of Fuzzy Logic, Kluwer Academic Publishers, 1998

Generalised Target Functions for Multilayer Neural Networks

doktorand:

MILAN RYDVAN

sÏkolitel:

LADISLAV ANDREJ

UÂ stav informatiky AV CÏ R Pod vodaÂrenskou veÏzÏi 2, 182 07 Praha 8

Czech Republic

UÂ stav informatiky AV CÏ R Pod vodaÂrenskou veÏzÏi 2, 182 07 Praha 8

Czech Republic

rydvan@cs.cas.cz andre@cs.cas.cz

obor studia:

I1 - TeoretickaÂ informatika

Abstrakt

This paper discusses application of alternative target functions on multilayer neural networks, comparing them with the commonly used square error function E = (y − d)^2. 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 a model of proőt as the target function.

1. Motivation

This work deals with the model of multi-layer neural networks. The model is widely known; the deőnition can be found for example in the original work [6]. Multi-layer neural networks employ supervised training, using a őnite training set T = {(⃗x_i, ⃗d_i)} of pairs of input vectors and desired output vectors. The aim of training is to őnd such parameters of the network (weights, thresholds) that minimise a target function E(d_{ij} , y_{ij} ), summed over all the output neurons and all the training patterns (y_{ij} stands for the actual output of the network; for simpliőcation, we will omit the indices in the following text).

Rummelhart ([6]) proposed square error function E = (y − d)^2 as the target function and it is widely used till today. Its advantage include the fact is that it is simple and natural. The fact that it penalises the distance between the desired and the actual output makes it applicable, with a better or worse success, on all kinds of problems without requiring a special knowledge about the character of the problem.

This article however studies the case when we have a speciőc 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 (signiőcant) price growth g and the real price growth is 0.

2. The system predicts a zero price growth and the real price growth is g.

A broker following the advice of the system buys the stock in the őrst case, expecting a price growth and a proőt. He does not achieve a it, 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 proőt is zero, but his suffers an opportunity loss Ð he could have made proőt 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 is equal in the two cases. We need a more general target function that would be able to incorporate this kind of problem-speciőc 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)^2 fulőls this condition, the desired target function that incorporate our special knowledge may not fulől it.

A possible way how to deal with this problem is to approximate the desired target function by a differentiable function. Works [4] and [5] use this solution. The őrst of them approximates the desired target function by a bi-quadratic function of the form A_2d^2 + A_1d + B_2y^2 + B_1y + 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 Ð it is a model of the daily proőt 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 is the price growth/fall predicted by our system. The desired output d is the 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 c are expressed as a ratio of the price. The proőt P is then modelled as follows:

P = d − c iff y > c, (price rise prediction, recommendation to buy)

P = −d − c iff y < −c, (price fall 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 proőt, while the target function is being minimised).

Note that the model, though rather simple, reŕects the behaviour of the real system described in the previous section Ð for g > c, E(0, g) ≠ E(g, 0). The őrst 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, where y = c or y = −c. We thus cannot apply the gradient descent BP-algorithm to teach the network using the proőt-based target function.

3. Genetic Training

We will train our network using genetic algorithms, in order to be able to use the target function −P . Genetic algorithms (see for example [3] for more detailed information) perform distributed cooperating search in the solution space. Each prospective solution is coded in the form of a chromosome, a string of one-bit, two-bit or real values. Each chromosome is assigned a őtness, reŕecting how suitable the corresponding solution is. The GA maximises the őtness using genetic operators on a population of chromosomes. Selection ensures the overall improvement of őtness, crossover combines schemes in existing individuals in order to create new patterns in new individuals and mutation makes random modiőcations, helping the system to produce brand new prospective solutions and avoid local minima.

When training neural networks using GAs, the chromosome can consist of real-valued genes, each representing a single parameter of the network Ð a weight or a threshold. The őtness of such chromosome-network is the negative value (because GAs maximise őtness) 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 Ð 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 beneőt of genetic training for us is that it allows usage of general target functions. Our hypothesis is 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 proőt-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 (őve) 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 absolute prices on price changes to 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 experiments were carried out, in order to determine and tune the parameters of the tested methods. We used the same architecture for both the standard error function and the proőt-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

P_i = q 1 − (1 − q)^P (1 − q)^{r−1},

where r is the rank of the i-th individual according to the őtness, q is the probability of selecting the best individual and P is the population size. The parameter q was set to 0.08. Simple crossover just randomly selects a point 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).^1 The probabilities of crossover and mutation were 0.5 and 0.2, respectively. The evolution continued until the best individual reached the őtness 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 overőtting of the network and to teach the network that similar inputs

1For detailed deőnition of the mentioned genetic operators, see [1].

should produce similar outputs. We have tested the method for BP-training earlier and it really improved generalisation. The question was whether it would be efőcient also when applied on the genetic training, where the role of the training set is slightly different Ð it is in fact a part of the őtness 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 proőt-based target function with randomisation and one using the proőt-based target function without randomisation. The table below contains the 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 Square error Direction correctness Proőt

Standard Train 0.033 81.8% 0.474% Test 0.050 73.6% 0.164% Proőt-randomised Train 0.182 78.4% 0.403% Test 0.221 73.9% 0.196% Proőt-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 the training set and the test set. The őrst couple of rows contains the results for networks trained 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 proőt-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 proőt model deőned in Section 2 .

Several facts are worth mentioning as regards the results. The proőts all the models achieved, even on the test set, are quite high. A daily net proőt, including the transaction costs, between 0.15% and 0.20% is not bad at all, even though we must be aware of the fact that it is just a simple 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 predictions rise/fall is correct.

We can see that the proőt-based target functions show higher proőt 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 proőt-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 proőt was higher.

In the case of summed square errors, the standard error function distinctly beats the proőt-based target function, no matter if randomisation is employed or not. That is however rather natural Ð the alternative target function did not teach the networks to minimise the difference between the desired output and the actual one, but to maximise the (modelled) proőt. The networks have apparently learnt that it pays off to be courageous Ð 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 the real data was 73%. We can say that the networks trained using the proőt-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 proőt 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

BP-training algorithm and the standard error function. The reason is that the size of the population as well as the number of generations is high. Further őne-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 nondifferentiable target functions, which can be useful for teaching the network a speciőc 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 a model of proőt succeeded to teach the network a special knowledge Ð that a risk 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 are trained using genetic algorithms.

Further attention should be paid to őne-tuning the model of stock price prediction using proőt-based target functions and genetic training, especially as regards the length of training, which is very high in comparison with standard training. A summary and comparison of the methods of alternative, generalised target functions proposed in this article and the previous ones is supposed to follow.

References

[1] Chris Houck, Jeff Joines, Mike Kay, łA Genetic Algorithm for Function Optimization: A Matlab Implementationž, NCSU-IE TR 95-09, 1995, see http://www.ie.ncsu.edu/mirage/#GAOT.

[2] T. Masters, łAdvanced Algorithms for Neural Networksž, John Wiley & Sons, 1995. [3] M. Mitchell, łAn Introduction to Genetic Algorithmsž, MIT Press, 1997.

[4] M. Rydvan, łBiquadratic Error Functions for the BP-networksž, TR No 98/10, Charles University Prague, MFF.

[5] I. MraÂzovaÂ, M.Rydvan, łGeneralised Error Function for BP-Networkž, TR No 99/1, Charles University Prague, MFF.

[6] D. E. Rummelhart, G. E. Hilton,R. J. Williams, łLearning representations by backpropagating errorsž, Nature (323), (1986), pp. 533-536, MFF.

PouzÏitõÂ lokaÂlneÏ omezeneÂho kroku v metodaÂch vnitrÏnõÂch bodÊu nelineaÂrnõÂho programovaÂnõÂ

doktorand:

MGR. CTIRAD MATONOHA

sÏkolitel:

DOC. RNDR. JAN ZI^ÂTKO, CSC.

UÂ I AVCÏ R, Pod vodaÂrenskou veÏzÏõÂ 2, Praha 8 SokolovskaÂ 83, Praha 2

obor studia:

M6 - veÏdecko-technickeÂ vyÂpocÏty

Abstrakt

Metody vnitrÏnõÂch bodÊu jsou efektivnõÂm naÂstrojem pro rÏesÏenõÂ obecnyÂch probleÂmÊu nelineaÂrnõÂho programovaÂnõÂ, zejmeÂna tehdy, je-li uÂloha velkaÂ a strukturovanaÂ. Abychom zarucÏili globaÂlnõÂ konvergenci algoritmu, je vyÂhodneÂ pouzÏõÂvat mysÏlenku metod s lokaÂlneÏ omezenyÂm krokem ve spojenõÂ s võÂcekriteriaÂlnõÂm rozhodovaÂnõÂm prÏi vyÂbeÏru noveÂho prÏiblõÂzÏenõÂ. V tomto prÏõÂspeÏvku je zformulovaÂna uÂloha nalezenõÂ lokaÂlneÏ omezeneÂho kroku pro metody vnitrÏnõÂch bodÊu a ukaÂzaÂna iteracÏnõÂ metoda, zalozÏenaÂ na prÏedpodmõÂneÏneÂ metodeÏ sdruzÏenyÂch gradientÊu, slouzÏõÂcõÂ k jejõÂmu rÏesÏenõÂ.

Compactness of various fuzzy logics

doktorand:

PETR CINTULA^{sÏkolitel:}PETR HA^Â JEK

UÂ stav informatiky, Akademie veÏd CÏ eskeÏ Republiky, Pod vodaÂrenskou

veÏzÏõÂ 2, 182 07 Prague 8

UÂ stav informatiky, Akademie veÏd CÏ eskeÏ Republiky, Pod vodaÂrenskou

veÏzÏõÂ 2, 182 07 Prague 8

Cintula@cs.cas.cz hajek@cs.cas.cz

obor studia:

MatematickeÂ inzÏenyÂrstvõÂ

Abstrakt

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

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

In particular, we prove that product and GoÈdel logic do not satisfy the compactness property, but we present also partial positive results. Then we extend these observations to logics with Baaz △ operator, logics with involutive negations, and LΠ logics which form a common extension of Lukasiewicz and product logic. We prove that most of these stronger logics do not satisfy the compactness property and even moreÐthey are not K-compact for almost all forms of the set K.

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:

• nullary false statement 0, interpreted by 0, • binary conjunction ∧, interpreted by a t-norm T : [0, 1]^2 → [0, 1], i.e., a commutative, associative, non-decreasing operation with a neutral element 1, • binary implication →, interpreted by the residuum R of T , i.e., R(x, y) = sup {z ∈ [0, 1] : T (x, z) ≤ y} . We start from a nonempty countable set A of atomic symbols (atoms) and we deőne 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: F_P → [0, 1].

In this approach, the semantics of the logic is fully determined by the choice of the t-norm T . The three basic triangular norms lead to the following three main examples of fuzzy logics:

• For the minimum T_G(x, y) = min(x, y) we obtain GoÈdel logic G. • For the triangular norm T_L(x, y) = max(x + y − 1, 0) we obtain Lukasiewicz logic L. • For the algebraic product T_P(x, y) = x · y we obtain product logic Π.

The respective residua in these logics are:

R_G(x, y) = { 1 if x ≤ y , y otherwise ,

R_L(x, y) = { 1 if x ≤ y , 1 − x + y otherwise .

R_P(x, y) = { 1 if x ≤ y , y x otherwise .

The residuum R_L is continuous, R_G is not continuous in the points (x, x), 0 ≤ x < 1, and R_P has a discontinuity in (0, 0).

Using the basic logical connectives ∧, → and 0, we can deőne derived logical connectives. Negation ¬ is deőned as ¬φ = φ → 0 . Its interpretation is the fuzzy negation N given by N(x) = R(x, 0) = sup {z ∈ [0, 1] : T (x, z) = 0} .

In Lukasiewicz logic this leads to standard negation N_S(x) = 1 − x, in GoÈdel and product logic we obtain GoÈdel negation

N_G(x) = { 1 if x = 0 , 0 if x > 0 .

For additional information on these logics, we refer to [9, 10]. Their detailed study and the proofs of completeness can be found in [10, 11].

Furthermore we examine the compactness property for logics with the set of connectives extended by an additional unary connective △ (0-1 projector or Baaz delta) with interpretation Δ deőned by

Δ(x) = { 1 if x = 1 ,

0 if x < 1 .

Taking the GoÈdel, Lukasiewicz, or product t-norm as the interpretation of conjunction, we obtain GoÈdel, Lukasiewicz, or product logic with △ denoted by G_△, L_△, Π_△, respectively.

Then we examine the compactness property for GoÈdel and product logics with the set of connectives extended by an additional unary connective ∼ (involutive negation) interpreted so that e(∼ φ) = 1 − e(φ). We call these logics GoÈdel involutive and product involutive logics. We will denote them by G_∼ and Π_∼. They were introduced by Esteva, Godo, HaÂjek and Navara in [7]. (For Lukasiewicz logic, this notion does not bring anything new as it already contains an involutive negation.)

Then we investigate the compactness of LΠ and LΠ^1_2 propositional logics. These logics were introduced by Esteva, Godo, and Montagna in [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 LΠ logic has three basic connectives: Lukasiewicz implication and product conjunction and product implication. Furthermore, it has all other connectives of product, GoÈdel and Lukasiewicz logics, including the △ connective.

LΠ logic has the same standard semantics as product involutive logic. And the LΠ^1_2 logic is LΠ logic with an additional nullary connective c (a non-trivial constant statement) interpreted by an arbitrary element c from the open interval (0, 1).

3. Satisőability and compactness property

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

Deőnition 1 For a set Γ of formulas in a fuzzy logic and K ⊆ [0, 1], we say that Γ is K-satisőable if there exists an evaluation e such that e(φ) ∈ K for all φ ∈ Γ. The set Γ is said to be őnitely K-satisőable if each őnite subset of Γ is K-satisőable. Formula φ is called K-satisőable if the set {φ} is K-satisőable.

K-satisőability obviously implies őnite K-satisőability. The reverse implication holds in classical logic, as well as in some fuzzy logics. This property is called compactness of a logic.

Deőnition 2 We say that a logic is K-compact if K-satisőability is equivalent to őnite K-satisőability. A logic satisőes the compactness property if it is K-compact for each closed subset K of [0, 1].

In the latter deőnition, it is necessary to consider only sets K which are closed (hence also compact), as we shall show in the next section. The following two observations will simplify our study:

At őrst observe that if we extend the set of connectives of a logic, L, then the resulting logic, L^′, becomes łless compactž, i.e., if L^′ is K-compact (resp. has the compactness property) then L is K-compact (resp. has the compactness property). This is obvious since each counterexample to K-compactness in L is also a counterexample to K-compactness in L^′.

Then observe that if {0, 1} ⊆ K, then for any formula φ there is an evaluation e such that e(φ) ∈ K (it sufőces to evaluate all atomic symbols by 0, then the evaluation of each each formula becomes either 0 or 1). Thus we will restrict ourselves to sets K not containing 0 and 1 simultaneously. We will also observe that in various logics K-compactness depends on presence 1 in K. Therefore the following classes of subsets of [0, 1] will be important in the study of satisőability and compactness:

Deőnition 3 A nonempty subset K of [0, 1] is of type C if 0 /∈ K or 1 /∈ K. Furthermore, if K is of type C we deőne other type C_1 if 1 ∈ K.

4. The results

The following tables summarize our results. The őrst column indicates 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 logic is K-compact for all sets of this type None logic is K-compact for no set of this type C_1 logic is K-compact at least for all sets of type C_1 Compact logic is K-compact exactly for all compact subsets Dense logic is 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 also present a diagram 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 atoms for G, G_△, G_∼ logics.

Tabulka 3: K-compactness for őnite and inőnite sets of atoms

K-compactness for őnite sets of atoms Logic Compactness C non C L Yes Compact All Π No C_1 All G, G_△, G_∼ Yes All All L_△, Π_△, Π_∼, LΠ No None All LΠ^1_2 No None Q

K-compactness for inőnite sets of atoms Logic Compactness C non C L Yes Compact All Π, G No C_1 All G_△, G_∼ No Dense All L_△, Π_△, Π_∼, LΠ No None All LΠ^1_2 No None Q

L Π G

L_Δ Π_Δ G_Δ

Π_∼ G_∼

LΠ

LΠ^1_2

5. Conclusion

We studied various types of fuzzy logicsÐ Lukasiewicz, GoÈdel, and product logic, logics with △, logics with involutive negation, LΠ logic and LΠ^1_2 logic. We have found out that the analogue of classical compactness property holds for Lukasiewicz logic. In some other logics at least partial positive results were obtained. In general, enriching the set of connectives we weaken the compactness of the logic. The LΠ^1_2 logic represents the extreme case as it does not satisfy K-compactness for an almost arbitrary subset K ⊆ [0, 1].

There are several open questions. Is GoÈdel or product logic K-compact for some sets K of type C which are not of type C_1? (The answer is positive for the set {0}.) Is GoÈdel logic with △ or GoÈdel involutive logic K-compact for all sets K containing a dense subset? Is LΠ^1_2 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 sufőcient.)

On the other hand, these are the only questions unanswered in our paperÐfor all the other combinations of a logic and a subset K ⊆ [0, 1] the problem of K-compactness has been solved here.

References

[1] M. Baaz and R. Zach: Compact propositional GoÈdel logics. In Proc. 28th Int. Symp. on Multiple Valued Logic. IEEE Computer Society Press, Los Alamitos, CA, 1998.

[2] D. Butnariu, E.P. Klement, S. Zafrany: On triangular norm-based propositional fuzzy logics. Fuzzy Sets and Systems 69:241ś255, 1995.

[3] R. Cignoli, I.M.L. D’Ottaviano, D. Mundici: Algebraic Foundations of Many-Valued Reasoning.

Kluwer, Dordrecht, 1999.

[4] P. Cintula: The LΠ and LΠ^1_2 propositional and predicate logics. Fuzzy Sets and Systems 124/3:21ś34, 2001.

[5] P. Cintula: An alternative approach to the LΠ logic. Neural Network World 11:561ś572, 2001. [6] P. Cintula, M. Navara: Compactness of various fuzzy logics. Submitted to Fuzzy Sets and Systems. [7] F. Esteva, L. Godo, P. HaÂjek, M. Navara: Residuated fuzzy logics with an involutive negation. Arch.

Math. Logic 39:103ś124, 2000.

[8] F. Esteva, L. Godo, F. Montagna: The LΠ and LΠ^1_2 logics: two complete fuzzy systems joining Lukasiewicz and product logics. Archive of Math. Logic 40:39ś67, 2001.

[9] S. Gottwald: A Treatise on Many-Valued Logics. Studies in Logic and Computation. Research Studies Press, Baldock, 2001.

[10] P. HaÂjek: Metamathematics of Fuzzy Logic. Kluwer, Dordrecht, 1998.

[11] P. HaÂjek, L. Godo, F. Esteva: A complete many-valued logic with product conjunction. Arch. Math.

Logic 35:191ś208, 1996.

[12] P. HaÂjek: Personal communication. August 2000.

[13] J. Hekrdla, E.P. Klement, M. Navara: Two approaches to fuzzy propositional logics. Multiple-valued Logic, accepted.

[14] E.P. Klement, M. Navara: A survey of different triangular norm-based fuzzy logics. Fuzzy Sets and Systems 101:241ś251, 1999.

[15] M. Navara: Satisőability in fuzzy logics. Neural Network World 10:845ś858, 2000. [16] M. Navara, U. Bodenhofer: Compactness of fuzzy logics. In Proc. 2nd Int. ICSC Congress on Computational Intelligence: Methods and Applications (CIMA 2001), Bangor, Wales, UK, 654ś657, 2001.

Complexity of the propositional tautology problem for t-norm logics

doktorand:

ZUZANA HANIKOVA^Â

sÏkolitel:

PROF. RNDR. PETR HAÂ JEK, DRSC.

UÂ stav informatiky AV CÏ R, 182 07 Praha 8 UÂ stav informatiky AV CÏ R, 182 07 Praha 8

zuzana@cs.cas.cz hajek@cs.cas.cz

obor studia:

MatematickaÂ logika

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 algebras) are a frequently used class of algebras of truth values for many-valued logics. Each t-algebra is determined in a unique manner by a continuous t-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 all 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 GoÈdel, 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 is to adjust the algorithm presented in [2] and prove the following claim:

Theorem 2.1 For any t-algebra, the propositional tautology problem is in coNP.

Once established, this theorem settles the question of complexity of propositional tautologies for an arbitrary t-algebra, in combination with an earlier result:

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

This comes from [2] for t-algebras starting with an L (proved via reduction of propositional L-tautologies, preőxing a negation to each propositional variable) and from [4] for t-algebras not starting with an L (proved via reduction of propositional Boolean tautologies, preőxing a double negation to 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 łbackbonež of any continuous t-norm is formed by a countable closed subset I of [0, 1] (we use the term ‘cutpoints’ for the elements of I), and on each of the closures of the open intervals which form the complement of I, the t-norm is isomorphic to either Lukasiewicz, GoÈdel, or product t-norm (on [0, 1]). For this reason each t-algebra is an ordinal sum of copies of Lukasiewicz, GoÈdel, and product algebras, which we habitually call segments and denote with symbols L, G, and Π. We stress that each copy of GoÈdel counts as one segment, thus, e. g., [0, 1]_{Ł⊕G⊕Π} is a t-algebra with three segments, namely a sum of a copy of the Lukasiewicz algebra, a copy of the GoÈdel algebra and a copy of the product algebra; the type of the sum is L⊕G⊕Π. We disregard the exact positioning of the set I within [0, 1].

3. Finite ordinal sums

[2] gives an NP algorithm recognizing BL-couterexamples. In fact, it shows more than that: by a trivial modiőcation, for any őnite sum of L-segments only, the set of its non-tautologies is in NP.

To prove our claim for őnite 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 őxed t-algebra which is a őnite ordinal sum. Fix A as such a t-algebra, and let n be its cardinality (i. e., the number of segments in the sum). For a propositional formula φ, let m = 2|φ|, where |φ| is the number of occurrences of propositional variables in φ (so m is an upper bound on the number of the subformulas of φ).

What follows is, we claim, an NP algorithm which for an input formula φ decides whether there is an evaluation e in A s. t. e(φ) < 1. It is a modiőcation of the algorithm of [2]: we drop, for the moment, the step which guesses the cardinality of the sum, since A is őxed. The generalization, which adds a check for G-segments and Π-segments, comes in the checkInternal() step, which will be discussed subsequently.

// algorithm for finite sum A

{

cutpointVariables() Introduce variables z_0 < · · · < z_n for the cutpoints of A (thus z_0 is intended

for 0 and z_n is intended for 1).

intervalVariables() For each i = 0, . . . , n − 1 introduce variables z_i = y_{i0} < y_{i1} < · · · <

y_{im} = z_{i+1} We call these the variables belonging to i. By convention, two variables which are equal are interchangeable in all contexts (thus also z_i, z_{i+1} belong to i, i = 0, . . . , n − 1).

Since the values of all subformulas could belong to a single segment and each subformula could evaluate to a different element of the segment, it is vital to have enough variables belonging to each i = 0, . . . , n − 1. Note that this is so, since each i contains m + 1 = 2|φ| + 1 variables, of which two represent the cutpoints, while the total number of subformulas is at most 2|φ| − 1; so the number of variables is sufőcient for any type of evaluation. Set C = {z_0, . . . , z_n} ∪ {y_{ij} |i = 0, . . . , n − 1, j = 0, . . . , m}.

guessAssignment() Guess an assignment f of variables in C to subformulas of φ (an łevaluationž of

subformulas of φ with variables in C), s. t. f(φ) is not z_n.

checkExternal() Check external soundness of f: if u, v ∈ C, f(φ_1) = u, f(φ_2) = v, then

• if φ_1&φ_2 is a subformula of φ and, for some i, u ≤ z_i ≤ v, then f(φ_1&φ_2) = f(φ_1) = u;

• if φ_1 → φ_2 is a subformula of φ and u ≤ v then f(φ_1 → φ_2) = z_n;

• if φ_2 → φ_1 is a subformula of φ and for some i, u < z_i ≤ v, then f(φ_2 → φ_1) = f(φ_1) = u.

checkInternal() Check internal soundness of f for each segment. Consider the i-th segment. For

each subformula φ_1&φ_2 s. t. f(φ_1) = y_{ij} and f(φ_2) = y_{ik}, if f(φ_1&φ_2) = y_{il} (that is, all three variables involved belong to i), put down an equation y_{ij} ∗ y_{ik} = y_{il}, and for each subformula φ_1 → φ_2 s. t. f(φ_1) = y_{ij} and f(φ_2) = y_{ik}, where j > k, if f(φ_1 → φ_2) = y_{il}, put down an equation y_{ij} ⇒ y_{ik} = y_{il}. Check whether these equations, together with the sharp inequalities y_{i0} < · · · < y_{im}, have a solution in the i-th segment of the sum, s. t. y_{i0} and y_{im} evaluate to the lower and upper cutpoint of the segment, respectively. } The last check in the above algorithm is the same as őnding a solution in the Lukasiewicz, GoÈdel, or product t-algebra (depending on the type of the i-th segment in A), s. t. y_{i0} and y_{im} are evaluated by 0 and 1, respectively. [2] presents an NP algorithm which performs this check for L-segments, so it remains to show how to perform it for G-segments and for Π-segments.

Observation 1 The solvability of the above system of equations and sharp inequalities in G can be checked in linear time (w. r. t. |φ|).

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

Lemma 3.1 The abovementioned system of equations and sharp inequalities is solvable in Π iff it has a solution in an algebra of type L⊕ L such that y_{i0} is 0_{Ł⊕Ł} and y_{i1}, . . . , y_{im} are evaluated in (h, 1], where h is the non-extremal cutpoint.

Proof: Follows from the isomorphism of the cut product algebra with L. An m + 1-tuple 0 = a_0 < · · · < a_m = 1 is a solution in Π iff, introducing a cut c so that a_0 < c < a_1 and using an isomorphism g to map a_1, . . . , a_m into (h, 1] in L⊕ L, 0_{Ł⊕Ł} together with g(a_1), . . . , g(a_m) form a solution in L⊕ L. QED

Thus, to check solvability in the product t-algebra, we őrst eliminate all equations involving y_{i0}; the soundness of any such equation can be, and indeed has been in part, checked łexternallyž; for the remaining cases, check, for any u, v belonging to i, that if u ∗ v = y_{i0} then either u or v is y_{i0}, that if u ⇒ v = y_{i0} (and u > v) then v is y_{i0}, and that u ⇒ y_{i0} = y_{i0}. Then we consider the remaining equations and sharp inequalities in L, introducing a new inequality 0 < y_{i1}, and check solvability of this system of equations and inequalities using the NP algorithm for solvability in L, referred to in [2].

Finally, it is obvious from the construction of the algorithm that the output is ‘yes’ (on at least one branch) iff the formula φ has a counterexample evaluation in A, i. e., is not an A-tautology. Thus the set of A-tautologies is in coNP.

4. Inőnite ordinal sums

It is known ([1]) that a t-algebra is BL-generic iff it is an ordinal sum starting with an L and with inőnitely many copies of L. Since the tautologies of BL are coNP complete, so are the tautologies of each BL-generic t-algebra.

Also, it is easy to see that t-algebras which are ordinal sums not starting with an L and having inőnitely many copies of L are SBL-generic. To follow this observation, recall that a counterexample evaluation in Π can be locally embedded into L⊕ L. Now let A be a t-algebra with inőnitely many copies of L, not starting with an L. Assume φ is not an SBL-tautology, and let B be an SBL-algebra in which φ does not hold. We may assume that B is a őnite sum of L’s and Π’s only (thus starting with a Π). Then the counterexample evaluation can be locally embedded in A, mapping the initial Π segment of B to any two L-segments of A (not necessarily adjacent), each of the following L-segments of B to arbitrary L segments of A, and each of the following Π-segments of B to any two L-segments of A, all in increasing order w. r. t. the ordering of the intervals in [0, 1].

Theorem 4.1 The propositional logic SBL is coNP complete.

Proof: If φ is not an SBL-tautology, then it has a counterexample in a őnite ordinal sum whose őrst element is not an L. Thus we may modify our algorithm by preőxing steps guessing the cardinality of the sum and its type. Let k be the number of propositional variables in φ.

// algorithm for SBL

{

guessCardinality() Pick at random a natural n, 0 < n ≤ k + 1.

Lemma 4.2 Let k be the number of propositional variables in a formula φ. If φ has an evaluation e(φ) < 1 in any t-algebra, then it has an evaluation e^′(φ) < 1 in a t-algebra which is an ordinal sum with cardinality at most k + 1.^1

guessLayout() Assign to each i = 1, . . . , n one of the symbols L, G, Π, signifying the type of the i-th

segment of the sum, in such a way that the őrst symbol is not an L. We use the term ‘constructed sum’ and the symbol C to denote this őnite sum.

cutpointVariables()

intervalVariables()

guessAssignment()

checkExternal()

checkInternal()

} This modiőcation is an NP algorithm recognizing SBL counterexamples, so the propositional tautology problem for the logic SBL is in coNP. QED

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

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

• ∅ if the subsum is void;

1This is just a variant of a similar result in [2].

• ∞ if there are inőnitely many G-segments (thus there is an inőnite alternating subsum of G’s and Π’s);

• (for őnite number p_i of G-segments) a sequence S^A[i] of length p_i + 1, determining the number of Π-segments between each two consecutive G-segments (also before the őrst and after the last G-segment). The j-th element of the sequence, j = 0, . . . , p_i is a natural number in the range [0, ∞].

This is a handy őnite representation of A. Note that using S^A, we may introduce indices for the segments of A in the following way:

• Any L-segment is uniquely determined by a natural number in the range [1, p]. • A G-segment is either determined by a tuple of natural numbers ⟨i_1, i_2⟩, i_1 ∈ [0, p], i_2 ∈ [1, p_{i1} ], if it is the i_2-th G-segment after the i_1-th L-segment in A, where S^A[i_1] is not ∞; or, if S^A[i_1], i_1 = 0, . . . , p is ∞, the G-segments in the i_1-th subsum may be for our purposes referred to by a tuple ⟨i_1, ANY⟩.

• A Π-segment is either determined by a triple ⟨i_1, i_2, i_3⟩, i_1 ∈ [0, p], i_2 ∈ [0, p_{i1} ], i_3 ∈ N, if it is the i_3-th Π-segment after the i_2-th G-segment after the i_1-th L-segment in A, where S^A[i_1] is not ∞ and S^A[i_1][i_2] is not ∞; or, if S^A[i_1] is not ∞ but S^A[i_1][i_2] is ∞, i_1 = 0, . . . , p, i_2 = 0, . . . , p_{i1} , all the Π-segments in the subsum of Π’s after the i_2-th G-segment after the i_1-th L-segment in A may be referred to by a triple ⟨i_1, i_2, ANY⟩; or, if S^A[i_1] is ∞, i_1 = 0, . . . , p, all the Π-segments in the i_1-th subsum may be referred to by a tuple ⟨i_1, ANY⟩.

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

// algorithm for infinite sum A

{

guessCardinality() Pick at random a natural n, 0 < n ≤ k + 1.
guessLayout() Assign to each i = 1, . . . , n one of the symbols L, G, Π, signifying the type of the i-th

segment of the sum.

We use the term ‘constructed sum’ and the symbol C to denote this őnite sum.

// from now on the algorithm works with C
checkEmbedding() Check whether the constructed sum is 1 − 1 embeddable into A (as a sequence

of symbols into a sequence of symbols), in such a way that a potential initial L of the constructed sum is mapped to an initial L in A. It is vital that initial L remains initial in A, since otherwise a counterexample in the constructed sum need not be a counterexample in A.

cutpointVariables()
intervalVariables()
guessAssignment()
checkExternal()
checkInternal()

} We discuss in more detail why the checkEmbedding() step does not violate the NP nature of the algorithm.

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 its image in A, using the abovedescribed indices.

Denote max the maximum of the numbers p, p_0, . . . , p_p, n. 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 Π-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 inőnite 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 őrst element of which is a natural number and the second element is a natural number or the symbol ANY; indices of Π-segments are either tuples, consisting of a natural number and the symbol ANY, or triples, the őrst 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, max]. Subsequently the algorithm performs two checks, to őnd out whether there are segments in A referred to by the indices (this is checked using S^A) and whether the assignment of indices is 1-1 and increasing (w. r. t. the ordering of segments in 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 is clear that the output of the algorithm is ‘yes’ (on at least one branch) iff the formula φ is not an A-tautology, thus A-tautologies are in coNP.

5. Thanks

Partial support from the grant IAA 103 0004, Grant Agency of the Academy of Sciences, Czech Republic, is acknowledged.

6. PhD thesis

The author is a PhD student of mathematical logic at the Faculty of Mathematics and Physics, Charles University, since October 1999. The topic of her thesis is łMathematical and metamathematical properties of fuzzy logicž.

References

[1] P. AglianÁo, F. Montagna, łVarieties of BL-algebras I: general propertiesž, preprint, 2002. [2] M. Baaz, P. HaÂjek, F. Montagna, H. Veith, łComplexity of t-tautologiesž, Ann. Pure Appl. Logic 113, No.1-3, pp. 2-11, 2001.

[3] R. Cignoli, F. Esteva, L. Godo, A. Torrens, łBasic Fuzzy Logic is the logic of continuous t-norms and their residuaž, Soft Comput. 4, pp. 106-112, 2000.

[4] P. HaÂjek, łMetamathematics of Fuzzy Logicž, Kluwer Academic Publishers, Dordrecht, 1998. [5] Z. HanikovaÂ, łA note on the complexity of propositional tautologies of individual t-algebrasž, to appear in NNW.

[6] P. S. Mostert, A. L. Shields, łOn the structure of semigroups on a compact manifold with boundaryž, Annals of Math. 65, pp. 117-143, 1957.

[7] D. Mundici, łSatisőability in many-valued sentential logic is NP-completež, Theor. Comput. Sci. 52, pp. 145-153, 1987.

AnalyÂza dat z projektu MAGIC-telescope pomocõÂ rozhodovacõÂch stromÊu a lesÊu

doktorand:

EMIL KOTRC^Ï

sÏkolitel:

RNDR. PETR SAVICKY^Â, CSC.

UÂ stav informatiky AV CÏ R, Pod VodaÂrenskou veÏzÏõÂ 2, Praha 8 UÂ stav informatiky AV CÏ R, Pod VodaÂrenskou veÏzÏõÂ 2, Praha 8

kotrc@cs.cas.cz savicky@cs.cas.cz

obor studia:

MatematickeÂ inzÏenyÂrstvõÂ

Abstrakt

V tomto prÏõÂspeÏvku se budeme strucÏneÏ veÏnovat problematice rozhodovacõÂch stromuÊ a lesuÊ. UkaÂzÏeme, zÏe tyto metody jsou pomeÏrneÏ zajõÂmaveÂ z hlediska rÏesÏenõÂ klasiőkacÏnõÂch probleÂmuÊ, ke kteryÂm jsou zejmeÂna vyuzÏõÂvaÂny. V uÂvodu cÏlaÂnku se nejdrÏõÂve velice strucÏneÏ seznaÂmõÂme se zaÂkladnõÂmi znaÂmyÂmi metodami pro konstrukci rozhodovacõÂch stromuÊ a lesuÊ a poteÂ si ukaÂzÏeme vyÂsledky experimentuÊ na datech z projektu MAGIC-telescope a z nich plynoucõÂ zaÂveÏry a podneÏty pro dalsÏõÂ praÂci.

1. UÂ vod

V teÂto uÂvodnõÂ cÏaÂsti si zavedeme neÏktereÂ duÊlezÏiteÂ pojmy, se kteryÂmi budeme daÂle v cÏlaÂnku pracovat. RozhodovacõÂ stromy a lesy se cÏasto pouzÏõÂvajõÂ jako klasiőkaÂtory, tedy naÂstroje, ktereÂ umõÂ klasiőkovat neznaÂmeÂ prÏõÂpady do ruÊznyÂch trÏõÂd. Abychom mohli neÏjakyÂ strom cÏi les natreÂnovat potrÏebujeme k tomu ucÏõÂcõÂ mnozÏinu, cozÏ nenõÂ nic jineÂho nezÏ mnozÏina vektoruÊ (dat) se znaÂmou klasiőkacõÂ, na zaÂkladeÏ nõÂzÏ takovyÂ strom dokaÂzÏeme zkonstruovat. UcÏenõÂ s ucÏõÂcõÂ mnozÏinou nazyÂvaÂme ucÏenõÂ s ucÏitelem.

PrÏedpoklaÂdejme nynõÂ, zÏe data, kteraÂ zkoumaÂme, jsou charakterizovaÂna r atributy (promeÏnnyÂmi) x_i. Tyto atributy se veÏtsÏinou uvazÏujõÂ bud’numerickeÂ (reaÂlneÂ) nebo kategoriaÂlnõÂ (nabyÂvajõÂcõÂ hodnot z neÏjakeÂ konecÏneÂ mnozÏiny). Pak vektor x = (x_1, . . . , x_r) necht’je pro naÂs vektorem meÏrÏenyÂch hodnot. OznacÏme si X jako mnozÏinu vsÏech takovyÂch mozÏnyÂch meÏrÏenõÂ. DaÂle necht’ mnozÏina C = {C_1, . . . , C_k} je pro naÂs mnozÏina k trÏõÂd, do nichzÏ chceme prÏõÂpady z X klasiőkovat. Abychom ovsÏem mohli sestrojit neÏjakyÂ klasiőkaÂtor, budeme potrÏebovat mnozÏinu prÏõÂpaduÊ se znaÂmou klasiőkacõÂ. OznacÏme si proto mnozÏinu L = {x_1, . . . , x_N } jako nasÏõÂ ucÏõÂcõÂ mnozÏinu (prÏesneÏji multi-mnozÏinu, nebot’ prÏipousÏtõÂme i naÂsobnyÂ vyÂskyt vektoruÊ), kde vektoruÊm x_i prÏidaÂme k r atributuÊm speciaÂlnõÂ r + 1 slozÏku, kteraÂ bude urcÏovat trÏõÂdu, do nõÂzÏ znaÂmyÂ vektor naÂlezÏõÂ. FormaÂlneÏ muÊzÏeme zapsat, zÏe L ⊂ X × C a kazÏdyÂ vektor x_i ∈ L, i ∈ {1, . . . , N} maÂ tvar x_i = (x_{i,1}, . . . , x_{i,r}, x_{i,r+1}), kde prvnõÂ azÏ r-taÂ slozÏka jsou meÏrÏeneÂ velicÏiny (numerickeÂ cÏi kategoriaÂlnõÂ) a r + 1 indikuje trÏõÂdu, tedy x_{i,r+1} ∈ C. JinyÂmi slovy, jestlizÏe vektor x_i naÂlezÏõÂ do trÏõÂdy C_j , pak x_{i,r+1} = C_j .

NasÏõÂm cõÂlem je pak na zaÂkladeÏ teÂto treÂnovacõÂ mnozÏiny L vytvorÏit klasiőkaÂtor, kteryÂ by po prÏedlozÏenõÂ prÏõÂpadu s neznaÂmou klasiőkacõÂ dokaÂzal urcÏit (cÏi spõÂsÏe odhadnout) trÏõÂdu, do ktereÂ prÏõÂpad patrÏõÂ. KlasiőkaÂtor vlastneÏ nenõÂ nic jineÂho nezÏ zobrazenõÂ h : X → C, tedy h(x) = C_j znacÏõÂ, zÏe neznaÂmeÂ x ∈ X klasiőkaÂtor h zarÏadil do trÏõÂdy C_j . V tomto cÏlaÂnku se zabyÂvaÂme prÏõÂpadem, kdy klasiőkaÂtor h je rozhodovacõÂm stromem. JestlizÏe ke klasiőkaci budeme pouzÏõÂvat võÂce stromuÊ nezÏ jeden, nazyÂvaÂme takovyÂ klasiőkaÂtor rozhodovacõÂm lesem. Tedy, maÂme-li mnozÏinu t stromuÊ {h_1, . . . , h_t} a neÏjakeÂ pravidlo pro kombinovaÂnõÂ predikcõÂ jednotlivyÂch stromuÊ, je rozhodovacõÂ les opeÏt zobrazenõÂ h^∗ : X → C.

Abychom mohli klasiőkaÂtory neÏjakyÂm zpuÊsobem porovnaÂvat, potrÏebujeme oveÏrÏit jejich kvalitu. Za tõÂmto uÂcÏelem se veÏtsÏinou pracuje s takzvanou testovacõÂ mnozÏinou, kteraÂ je deőnovaÂna podobneÏ jako mnozÏina ucÏõÂcõÂ a obsahuje rovneÏzÏ prÏõÂpady se znaÂmou klasiőkacõÂ. Necht’K = {x_1, . . . , x_M } je pro naÂs testovacõÂ mnozÏina (multi-mnozÏina). Na nõÂ potom muÊzÏeme deőnovat chybu klasiőkaÂtoru h naprÏõÂklad jako

ε^h_K = |{x ∈ K|x_{r+1} ≠ h(x)}| |K| (51)span

cozÏ je relativnõÂ pocÏet nespraÂvneÏ klasiőkovanyÂch vektoruÊ z mnozÏiny K. Tento vzorec lze ovsÏem zobecnit pro prÏõÂpad, kdy maÂme apriornõÂ informaci o pravdeÏpodobnosti trÏõÂd. Toto zobecneÏnõÂ je pouzÏito v sekci veÏnovaneÂ experimentuÊm. NynõÂ se jizÏ budeme veÏnovat strucÏneÂmu vyÂcÏtu a popisu znaÂmyÂch metod.

2. Metody

Metod na konstrukci klasiőkaÂtoruÊ ve formeÏ rozhodovacõÂch stromuÊ a lesuÊ je celaÂ rÏada. Mezi nejznaÂmeÏjsÏõÂ patrÏõÂ bezesporu C4.5/C5.0 od J.R.Quinlana ([1]) a CART ([2]). VeÏtsÏinu experimentuÊ provaÂdõÂme praÂveÏ s pomocõÂ teÏchto dvou metod. Mezi dalsÏõÂ muÊzÏeme zarÏadit novou metodu na konstrukci rozhodovacõÂch lesuÊ Random Forest ([4]), kterou zkoumaÂme v soucÏasneÂ dobeÏ, a daÂle naprÏõÂklad metody Quest a CRUISE ([8], [6], [7]).

V tomto cÏlaÂnku se nebudeme se zabyÂvat detailnõÂm popisem teÏchto metod. Pouze poukaÂzÏeme na zaÂkladnõÂ vlastnosti a vyÂhody cÏi nevyÂhody. Podrobnosti lze najõÂt v literaturÏe.

2.1. Konstrukce stromuÊ

VytvaÂrÏenõÂ rozhodovacõÂch stromuÊ je ve veÏtsÏineÏ implementacõÂ zalozÏeno na rekurzivnõÂm deÏlenõÂ ucÏõÂcõÂ mnozÏiny. Metody C4.5/C5.0 a CART jsou, co se tyÂcÏe ruÊstu stromuÊ do jisteÂ mõÂry podobneÂ. Na zaÂkladeÏ entropie (mõÂry neurcÏitosti) se provede vyÂbeÏr nejlepsÏõÂho splitu na podmnozÏineÏ ucÏõÂcõÂ mnozÏiny. Jakmile je vytvorÏen celyÂ strom, prÏechaÂzõÂ se ke druheÂ cÏaÂsti zvaneÂ prorÏezaÂvaÂnõÂ, kdy dochaÂzõÂ k odstranÏovaÂnõÂ neÏkteryÂch uzluÊ a k jejich nahrazenõÂ listem. DuÊvod pro tento krok je zlepsÏenõÂ generalizace prorÏezaneÂho stromu. Metoda Random Forest funguje trosÏku odlisÏneÏ prÏi konstrukci jednotlivyÂch stromuÊ v lese a je zalozÏena na vyÂbeÏru nejlepsÏõÂho naÂhodneÂho splitu (rÏezu). PrÏesneÏji, zvolõÂ se naÂhodneÏ F promeÏnnyÂch, na nichzÏ se bude vyhledaÂvat nejlepsÏõÂ rÏez a splitem se stane ten nejlepsÏõÂ. MozÏnaÂ se to zdaÂ byÂt prÏekvapiveÂ, ale vyÂsledky ukazujõÂ, zÏe jde o velmi dobrou metodu. NavõÂc, F muÊzÏeme polozÏit rovno 1, cozÏ stõÂraÂ vesÏkereÂ slozÏiteÂ vyhledaÂvaÂnõÂ nejlepsÏõÂho splitu a vyÂsledky jsou prÏekvapiveÏ dobreÂ (viz [4]).

NaÂmi nejcÏasteÏji pouzÏõÂvanaÂ metoda je C4.5/C5.0, protozÏe se pomeÏrneÏ dlouhou dobu zdaÂla byÂt nejlepsÏõÂ. JejõÂm nedostatkem vsÏak je skutecÏnost, zÏe implementace C5.0 je komercÏnõÂ, tudõÂzÏ nemaÂme prÏõÂstup ke zdrojovyÂm textuÊm, a proto nenõÂ vzÏdy zcela zrÏejmeÂ jak program pracuje. V soucÏasnosti se zacÏõÂnaÂme zabyÂvat metodou Random Forest, kteraÂzÏto je volneÏ sÏirÏitelnaÂ, takzÏe prÏi jejõÂm pouzÏõÂvaÂnõÂ nevznikajõÂ potõÂzÏe jako s C5.0, a jak jsme jizÏ zminÏovali vyÂsÏe, je to metoda pomeÏrneÏ novaÂ a zajõÂmavaÂ. Metody C4.5/C5.0, CART a samozrÏejmeÏ Random Forest lze pouzÏõÂt kromeÏ konstrukce rozhodovacõÂch stromuÊ rovneÏzÏ pro vytvaÂrÏenõÂ rozhodovacõÂch lesuÊ, kteryÂm je veÏnovaÂna dalsÏõÂ strucÏnaÂ kapitola.

2.2. Konstrukce lesuÊ

PrÏi konstrukci rozhodovacõÂch lesuÊ je potrÏeba ze stejneÂ ucÏõÂcõÂ mnozÏiny vytvorÏit neÏkolik ruÊznyÂch stromuÊ. Metod existuje neÏkolik a my si tu uvedeme dveÏ zaÂkladnõÂ ś bagging a boosting.

Bagging spocÏõÂvaÂ v naÂhodneÂm vyÂbeÏru s/bez (terminologie nenõÂ ustaÂlena) vracenõÂ z ucÏõÂcõÂ mnozÏiny a naÂsledneÂm natreÂnovaÂnõÂ klasiőkaÂtoru. Na druhou stranu boosting je zalozÏen na vaÂzÏenõÂ ucÏõÂcõÂch prÏõÂpaduÊ. V prvnõÂm kroku majõÂ vsÏechny prÏõÂpady stejnou vaÂhu a prÏi kazÏdeÂm dalsÏõÂm se tyto vaÂhy meÏnõÂ v zaÂvislosti na chybeÏ klasiőkaÂtoru. PrÏõÂpady, ktereÂ jsou v prÏedchozõÂm kroku klasiőkovaÂny chybneÏ, dostanou veÏtsÏõÂ vaÂhu a võÂce ovlivnõÂ naÂsledujõÂcõÂ vznikajõÂcõÂ klasiőkaÂtor. V kazÏdeÂm kroku jsou tedy prÏõÂpady z ucÏõÂcõÂ mnozÏiny vybõÂraÂny dle rozdeÏlenõÂ daneÂ vaÂhami v kroku prÏedchozõÂm utvorÏeneÂ. VõÂce informacõÂ lze naleÂzt v cÏlaÂnku [5], kteryÂ naÂs prÏivedl na noveÂ smeÏry a mysÏlenky.

Jakmile maÂme vytvorÏen rozhodovacõÂ les, prÏichaÂzõÂ na rÏadu dalsÏõÂ otaÂzka. Jak klasiőkovat pomocõÂ võÂce stromuÊ ? To lze samozrÏejmeÏ opeÏt provaÂdeÏt võÂce zpuÊsoby. PrÏi boostingu se hlas kazÏdeÂho stromu neÏjakyÂm zpuÊsobem vaÂzÏõÂ, narozdõÂl od baggingu, kde maÂ veÏtsÏinou kazÏdyÂ strom stejnou vaÂhu, tedy klasiőkovaÂnõÂ se provaÂdõÂprostyÂm veÏtsÏinovyÂm hlasovaÂnõÂm, cozÏ ovsÏem samozrÏejmeÏ nenõÂ podmõÂnkou. V soucÏasnosti se praÂveÏ zameÏrÏujeme na zkoumaÂnõÂ volby vhodnyÂch vah prÏi hlasovaÂnõÂ võÂce stromuÊ (naÂsÏ projekt forestanalysis).

3. Experimenty

V teÂto kapitole se budeme kraÂtce veÏnovat experimentuÊm, ktereÂ se stromy a lesy provaÂdõÂme, a z nich plynoucõÂm vyÂsledkuÊm. Experimenty provaÂdõÂme na datech z projektu MAGICśTelescope^1, kteraÂ jsou zatõÂm pouze simulovanaÂ, nebot’teleskop je staÂle ve vyÂstavbeÏ. JednaÂ se o data se dvanaÂcti prediktory, prÏicÏemzÏ ucÏenõÂ se provaÂdõÂ na prvnõÂch deseti atributech, a se dveÏmi trÏõÂdami - signaÂl a sÏum. NasÏim uÂkolem tedy je na zaÂkladeÏ ucÏõÂcõÂ mnozÏiny natreÂnovat klasiőkaÂtor, kteryÂ bude schopen rozlisÏit tyto dveÏ trÏõÂdy. FormaÂlneÏ proto muÊzÏeme zapsat, zÏe v nasÏem prÏõÂpadeÏ r = 12 a C = {C_0, C_1}, kde C_0 prÏedstavuje sÏum (hadrony) a C_1 signaÂl, kteryÂ prÏedstavujõÂ gamma cÏaÂstice. Data dostaÂvaÂme ve trÏech souborech - GA, ON a OFF. V GA-souboru jsou pouze cÏaÂstice gamma, tedy pro naÂs signaÂl, v OFF-souboru pouze cÏaÂstice sÏumu a ON-soubor obsahuje smeÏs gamma cÏaÂstic i sÏumu. Na zaÂkladeÏ teÏchto trÏõÂ souboruÊ se pak mohou provaÂdeÏt dva ruÊzneÂ experimenty ś GA-OFF a ON-OFF, prÏicÏemzÏ pro treÂnovaÂnõÂ se pouzÏijõÂ z kazÏdeÂho souboru prvnõÂ dveÏ trÏetiny dat a zbytek pro testovaÂnõÂ. Testy GA-OFF jsme nejdrÏõÂve provaÂdeÏli s pomocõÂ C5.0 a vyÂsledky dopadli v porovnaÂnõÂ s ostatnõÂmi metodami pomeÏrneÏ dobrÏe. PoteÂ, co jsme ale chteÏli vyzkousÏet i experiment ON-OFF, zjistili jsme, zÏe boosting v C5.0 je pro tento typ experimentu nepouzÏitelnyÂ, protozÏe program po prvnõÂm kroku koncÏõÂ chybou. To je zpuÊsobeno praÂveÏ ON-souborem, kteryÂzÏto obsahuje jak gamma cÏaÂstice, tak cÏaÂstice prÏedstavujõÂcõÂ sÏum. Boosting se pak zastavõÂ po prvnõÂm kroku kvuÊli velkeÂ klasiőkacÏnõÂ chybeÏ. Abychom mohli v experimentech pokracÏovat, museli jsme ruÊst võÂce stromuÊ zajistit jinyÂm zpuÊsobem, pomocõÂ nasÏich naÂstrojuÊ, k tomuto uÂcÏelu vytvorÏenyÂch. CelyÂ postup vlastneÏ spocÏõÂvaÂ ve łvytazÏenõÂž boostingu mimo C5.0. Postup je strucÏneÏ popsaÂn v tabulce 4 a v naÂsledujõÂcõÂm odstavci .

NejdrÏõÂve se ucÏõÂcõÂ a testovacõÂ mnozÏina rozdeÏlõÂ na trÏetiny. Dostaneme tak vlastneÏ trÏi ruÊzneÂ experimenty, ve kteryÂch se kazÏdaÂ z teÏchto trÏetin vyuzÏije jako ucÏõÂcõÂ i jako treÂnovacõÂ. Tedy prÏesneÏji, ve faÂzi 1 se prvnõÂ trÏetina dat pouzÏije jako testovacõÂ a zbytek jako ucÏõÂcõÂ. Ve faÂzi 2 se na testovaÂnõÂ pouzÏije druhaÂ trÏetina a v poslednõÂ faÂzi poslednõÂ trÏetina. Na konci jsou vyÂsledky zpruÊmeÏrovaÂny. Postup uvedenyÂ v tabulce 4 se tedy pouzÏije pro kazÏdou faÂzi zvlaÂsÏteÏ a stejnyÂm zpuÊsobem. NasÏe naÂstroje rovneÏzÏ pozÏadujõÂ zadat neÏjakeÂ vstupnõÂ parametry - pocÏet stromuÊ, velikost ucÏõÂcõÂ mnozÏiny a rozsah penalizacõÂ za chybnou klasiőkaci. Parametr pocÏet stromuÊ je zrÏejmyÂ, prosteÏ znamenaÂ kolik stromuÊ se pro klasiőkaci pouzÏije. ProtozÏe na vytvaÂrÏenõÂ võÂce stromuÊ pouzÏõÂvaÂme bagging, je nezbytneÂ zadat, jak velkyÂ vyÂbeÏr (bez vracenõÂ) z treÂnovacõÂ mnozÏiny se pouzÏije pro ucÏenõÂ kazÏdeÂho stromu. PrÏi konstrukci stromu umozÏnÏuje C5.0 zadat penalizaci (misclassiőcation cost) za chybneÂ klasiőkovaÂnõÂ, cÏili neÏco jako vaÂhu chyby. PodobnyÂ mechanismus obsahuje i CART, kde se nastavujõÂ takzvaneÂ priory. Penalizace zadaÂvaÂme ve formeÏ geometrickeÂ posloupnosti, urcÏeneÂ prvnõÂm a poslednõÂm cÏlenem a pocÏtem prvkuÊ.

1http://hegra1.mppmu.mpg.de/MAGICWeb/

1. p = min.penaÂle,. . . , max.penaÂle; prÏicÏemzÏ p bereme jako geometrickou posloupnost 2. t = 1, . . . , T ; kde T je pocÏet stromuÊ 3. NaÂhodneÏ vyber (bez vracenõÂ) z ucÏõÂcõÂ mnozÏiny podmnozÏinu o velikosti c 4. Pro danou podmnozÏinu a penaÂle pomocõÂ C5.0 zkonstruuj rozhodovacõÂ strom 5. Pokud t ≤ pocÏet stromuÊ, pokracÏuj krokem 2 6. Pokud p ≤ max.penaÂle, pokracÏuj krokem 1

V teÂto faÂzi maÂme zkonstruovaÂno celkem T ∗ pocÏet penalizacõÂ stromuÊ 7. Vezmi vsÏech T stromuÊ pro danou penalizaci p jako jeden les a spocÏti chybu

Tabulka 4: Postup prÏi experimentech s vyuzÏitõÂm C5.0

Abychom mohli metody porovnaÂvat, potrÏebujeme opeÏt neÏjakeÂ vyjaÂdrÏenõÂ chyby. Zaved’me si proto velicÏinu p(i, j) = |{x ∈ K|h(x) = C_i ∧ x_{r+1} = C_j }|, i, j ∈ {0, 1} (52)span s jejõÂzÏ pomocõÂ muÊzÏeme deőnovat chybu nasÏeho klasiőkaÂtoru jako ε = ( p(1, 0) p(1, 0) + p(0, 0) , p(1, 1) p(1, 1) + p(0, 1) ) (53)span

Z deőnice snadno vidõÂme, zÏe optimaÂlnõÂm bodem je bod (0, 1), tedy zÏe zÏaÂdnyÂ sÏum se neklasiőkuje jako signaÂl a kazÏdaÂ gamma cÏaÂstice se klasiőkuje spraÂvneÏ. OtaÂzkou je, jak dostat võÂce hodnot ε. Ve vyÂsÏe uvedeneÂm postupu pro generovaÂnõÂ stromuÊ jsme pracovali s pojmem penalizace. Jak jsme jizÏ zminÏovali, C5.0 umozÏnÏuje nastavit ruÊznou vaÂhu pro klasiőkacÏnõÂ chybu, defaultneÏ jsou tyto vaÂhy nastaveny na 1 a my meÏnõÂme hodnotu vaÂhy prÏi sÏpatneÂ klasiőkaci gamma cÏaÂstic. Toto je tedy parametr, kteryÂ variujeme (od min.penaÂle po max.penaÂle) a dostaÂvaÂme tak võÂcero boduÊ na krÏivce.

NynõÂ se konecÏneÏ dostaÂvaÂme k popisu grafuÊ z experimentu GA-OFF. VidõÂme na nich srovnaÂnõÂ metod C5.0 a CART s ostatnõÂmi metodami (viz. [9]) pouzÏõÂvanyÂmi jinyÂmi lidmi na projektu spolupracujõÂmi (obr.10). ZajõÂmavyÂ je graf, prÏi jehozÏ konstrukci jsme meÏnili velikost ucÏõÂcõÂ mnozÏiny (obr.11). VidõÂme, zÏe velkyÂ rozdõÂl v kvaliteÏ klasiőkaÂtoru je mezi 10 a 30 procenty ucÏõÂcõÂ mnozÏiny, daÂle uzÏ naÂrust prÏesnosti nenõÂ azÏ tak vyÂraznyÂ. NejhuÊrÏe vyÂsledky dopadly, kdyzÏ jsme na ucÏenõÂ pouzÏili celou treÂnovacõÂ mnozÏinu, protozÏe tak vlastneÏ dostaneme neÏkolik uÂplneÏ shodnyÂch stromuÊ, cÏili se jednaÂ o hlasovaÂnõÂ jedineÂho stromu. PrÏi zmeÏneÏ pocÏtu stromuÊ (obr.9) v C5.0 nedochaÂzõÂ od 10ti stromuÊ k vyÂrazneÂmu zlepsÏenõÂ, ale rozhodneÏ võÂce stromuÊ klasiőkaci zlepsÏõÂ. PrÏi hlasovaÂnõÂ jednotlivyÂch stromuÊ pouzÏõÂvaÂme mechanismus boostingu v C5.0 pouzÏityÂ, tedy zÏe hlas kazÏdeÂho stromu maÂ jinou vaÂhu (tyto vaÂhy se v C5.0 nazyÂvajõÂ konődence) . V nasÏem prÏõÂpadeÏ se konődence pro trÏõÂdy C_0 a C_1 pocÏõÂtajõÂ naÂsledujõÂcõÂm zpuÊsobem (v C5.0 oznacÏovanyÂm jako Laplaceova korekce)

k_i =

N_i + 1 N + 2

, i ∈ {0, 1}, N = N_0 + N_1 (54)span

kde N_i je pocÏet prÏõÂpaduÊ z treÂnovacõÂ mnozÏiny, naÂlezÏõÂcõÂ do trÏõÂdy C_i, ktereÂ se prÏi ucÏenõÂ dostali azÏ do onoho listu, kam se nynõÂ łprosypalž neznaÂmyÂ prÏõÂpad (respektive prÏõÂpad z testovacõÂ mnozÏiny).

4. ZaÂveÏr

PrÏi experimentovaÂnõÂs metodami jsme narazili na mõÂsta, v nichzÏ by se podle nasÏeho mõÂneÏnõÂ dali vylepsÏit. Tyto probleÂmy lze shrnout do trÏõÂ oblastõÂ ś zpuÊsoby zõÂskaÂnõÂ võÂce stromuÊ, prorÏezaÂvaÂnõÂ a kombinovaÂnõÂ stromuÊ. V soucÏasnosti pracujeme na knihovneÏ forestanalysis pro softwarovyÂ balõÂk R, ve ktereÂ se pokousÏõÂme realizovat nasÏe mysÏlenky pro analyÂzu rozhodovacõÂch lesuÊ. Vstupem pro tuto knihovnu mohou byÂt stromy vytvorÏeneÂ pomocõÂ C5.0, CART i Random Forest a snazÏõÂme se najõÂt vhodneÂ vaÂhy prÏi hlasovaÂnõÂ võÂce stromuÊ. Random Forests a CART stromy v lesõÂch nevaÂzÏõÂ vuÊbec a C5.0 je vaÂzÏõÂ pomocõÂ konődencõÂ (54). Do budoucna bychom chteÏli pomocõÂ vhodneÂho vaÂzÏenõÂ stromuÊ tyto metody vylepsÏit.

ObraÂzek 9: ZaÂvislost chyby klasiőkaÂtoru na pocÏtu stromuÊ. 10t-80 znamenaÂ, zÏe klasiőkaÂtor se sklaÂdaÂ z 10ti stromuÊ a prÏi ucÏenõÂ se pouzÏilo 80% prÏõÂpaduÊ z treÂnovacõÂ mnozÏiny

ObraÂzek 10: SrovnaÂnõÂ metod, CART i C5.0 pouzÏõÂvajõÂ 10 stromuÊ

ObraÂzek 11: ZaÂvislost na zmeÏneÏ velikosti ucÏõÂcõÂ mnozÏiny, pouzÏito bylo 10 stromuÊ

References

[1] J.R. Quinlan, łC4.5:Programs for Machine learningž, Morgan Kaufmann Publishers, 1993. [2] L. Breiman, J.H. Friedman, R.A. Olshen, C.J. Stone, łClassiőcation and regression treesž, Belmont CA: Wadsworth, 1984.

[3] J.R. Quinlan, łBoosting, bagging and C4.5ž, Proceedings of AAAI’96., 1996. [4] L. Breiman, łRandom forestsž, Machine Learning, vol. 45, p. 5ś32, 2001.

[5] R.E. Shapire, Y. Singer, łImproved boosting algorithms using conődence-rated predictionsž, Machine Learning, vol. 37, p. 297ś336, 1999.

[6] H. Kim, W. Loh, łCRUISE User manualž, Technical report 989, University of Wisconsin, Madison, 2000.

[7] H. Kim, W. Loh, łClassiőcation trees with unbiased multiway splitsž, Journal of the American Statistical Association, vol. 96, p. 589-604, 2001 [8] W.-Y. Loh, Y.-S. Shih, łSplit selection methods for classiőcation treesž, Statistica Sinica, vol. 7, p.

815-840, 1997 [9] R.K. Bock, A. Chilingarian, M. Gaug, F. Hakl, T. Hengstebeck, M. JirÏina, J. Klaschka, E. KotrcÏ, P. SavickyÂ, S. Towers, A. Vaiciulis, W. Wittek, łMethods for multidimensional event classiőcation: a case study using images from a Cherenkov gamma ray telescopež, v tisku, 2002

Symbolic Rule Extraction using Artiőcial Neural Networks

doktorand:

MICHAL JAKOB

sÏkolitel:

MARTIN HOLEN^Ï A

Katedra kybernetiky, FEL CÏ VUT v Praze TechnickaÂ 2

166 27 Praha 6

UÂ stav informatiky AV CÏ R Pod vodaÂrenskou veÏzÏõÂ 2

182 07 Praha 8

jakob@labe.felk.cvut.cz martin@cs.cas.cz

obor studia:

UmeÏlaÂ inteligence a biokybernetika

Abstrakt

Due to ever increasing amount of collected data, automatic knowledge acquisition has become a key concern in artiőcial intelligence. Rule extraction using neural networks presents an attractive approach to this problem because it combines strengths of both its constituents ś 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 classiőcation problem, the method yielded so far the simplest rule classifying all examples correctly.

Keywords: neural networks, rule extraction, rule reőnement, machine learning, classiőcation, 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 ś their very low comprehensibility and inability to provide justiőcation 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 is termed rule extraction using neural networks to stress the fact that neural networks are used as an intermediary link between data and extracted rule sets.

The process of rule extraction proceeds by őrst training a neural network on the data being analyzed, followed by transformation of the resulting network into a corresponding rule set representation (see Figure 12). By means of this transformation, rules implicitly 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 ś see Figure 12), neural networks can also be used for the reőnement of existing symbolic theories, thus addressing a

ObraÂzek 12: Rule reőnement using neural networks

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

2. Rule Extraction

Rule extraction is a special 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 alternative ways to deőne this optimum [2]. Mental őt measures how comprehensible the extracted concept is to a human, and how does it thus help to understand the data under consideration. Data őt concerns how closely the extracted model approximates actual relationships in the data. Mental őt and data őt 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 sufőciently good classiőcation accuracy for a wide range of tasks. They are of the following form

IF x_1 ∈ S^{(k)}_1 ∧ x_2 ∈ S^{(k)}_2 ∧ · · · ∧ x_N ∈ S^{(k)}_N THEN Class(X) = C_k (55)span

where x_i are values of attributes of example X and S^{(k)}_i are sets of symbolic values, discrete numerical values, or intervals for continuous features.

The main attraction of rule sets is the high mental őt 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?

While we have already explained while rule sets are a suitable target concept class for knowledge extraction, a question remains what are the advantages of using neural networks to extract rules in comparison to extracting rules directly from data, as performed e.g. by C4.5, CN2 or AQ-family algorithms. The arguments include:

handling continuous attributes Neural networks can be trained on data with continuous attributes; discretization of continuous inputs^1 ś and the loss of information which such discretization necessarily entails ś can be postponed to later 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).

universal approximation Neural networks with sufőciently high number of hidden units are capable of approximating continuous functions to an arbitrary degree of accuracy, thus providing a very good data őt 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 techniques working in a žattribute by attributež manner, e.g. decision tree induction algorithms.

őne-grained representation of knowledge Neural networks provide a őner-grained representation of knowledge than rule sets. This allows more subtle modiőcation of the incorporated knowledge during learning, which is especially beneőcial for knowledge reőnement.

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 őrst training a neural network on the data and then transforming it into a rule set, the best of both approaches can be exploited simultaneously. For a comprehensive overview and taxonomy of rule extraction methods using neural networks see [1, 9].

3. Rule Extraction by Successive Regularization

Many rule extraction algorithms proceed by őrst extracting rules at the level of individual network units and subsequently aggregating them to form global relationships. This process is, however, generally 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 deőne the error function of the network in such a way 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/uniőcation 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(x) = 1/(1 + e^{−x}). In its basic form, the method requires binary input values. This is not a restrictive requirement since discrete attributes can be easily converted into a binary representation; continuous attributes have to be either discretized őrst, or a modiőed method which can deal with continuous attributes directly might be used (see [6] for details).

Rule extraction by successive regularization introduces three additional terms into the network error function ś the forgetting term, the hidden unit clariőcation term, and the selective forgetting term. The training proceeds in three steps, in each step a different combination of the above mentioned terms is included 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

1. Set the initial value of the regularization parameter λ 2. [Rule acquiring step]

a. [Network training]

Apply the learning with forgetting Apply the learning with forgetting and with hidden unit clariőcation Apply the learning with selective forgetting and hidden unit clariőcation 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 λ Go to step 2 else Stop

ObraÂzek 13: Algorithm for rule extraction by successive regularization

derive a minimum formula representing a given Boolean hidden unit function, we employ Quine-McClusky minimization method [7], which ś in contrast to Karnaugh map method used by Ishikawa ś does not impose any limit on the number of inputs and 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. Advantages of Rule Extraction by Successive Regularization In comparison to other methods for rule extraction using neural networks, successive regularization posses several advantages [5]:

hierarchical extraction ś the method őrst extracts a small number of dominant rules at an earlier stage and less dominant rules or exceptions at later stages, which agrees with a human tendency to interpret data and thus improves rule comprehensibility scalability in comprehensibility ś through the choice of the regularization parameter λ, the method allows to control the complexity of extracted rule sets robustness ś thanks to 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 sensitive to the initial network connection weights.

4. Experimental Results

Ishikawa applied rule extraction by successive regularization to various tasks, both with discrete and continuous valued attributes. In these experiments, the method exhibited very good scalability in comprehensibility; in several cases, it extracted the simplest rule set known for a given level of accuracy. See [6, 5] for a detailed description of results.

Our version of rule extraction by successive regularization was implemented using Matlab and Matlab

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 span span ∗numberofattributevalues span span span T heattributesappearinginthefinalruleareprintedinbold Tabulka 5: Mushroom dataset attributes

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

4.1. Mushroom Classiőcation The mushroom dataset and its comprehensive description can be found in the UCI learning repository^2. Patterns for the problem are described by 22 discrete attributes with a total of 126 different attribute values (See Table 5). The mushroom dataset consists of 8124 examples, 51.8% of which represent edible and the rest nonedible (mostly poisonous) mushrooms. One tenth of the dataset, i.e. 812 examples, was randomly chosen for training. The extraction proceeded in four steps with gradually decreasing regularization parameter λ. The progress of extraction, together with the increasing accuracy of the extracted rule, is depicted in Table 6. The őnal rule IF (odor = almond ∨anise ∨ none) ∧ (spore-print-color ≠ green) ∧((gill-size = broad) ∨ (stalk-surface-below-ring ≠ scaly)) ∧(population ≠ clustered) THEN edible

(56)span

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 is the most compact classiőcation 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 algorithm 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://www1.ics.uci.edu/ mlearn/MLRepository.html

Rule Misclassiőed* 1. (odor = almond ∨ anise ∨ none) 11 / 120 2. ∧ (spore-print-color ≠ green) 6 / 48 3. ∧ ((gill-size = broad) ∨ (s-s-b-r** ≠ scaly)) 0 / 8 4. ∧ (population ≠ clustered) 0 / 0 span ∗trainingset/entiredataset span ∗ ∗ stalk − surface − below − ring Tabulka 6: Progress of mushroom rule extraction

Method Rule accuracy (%) Rule complexity*

Successive regularization 100.0 5 / 7

C-MLP2LN 99.9 4 / 7 M-of-N3 98.1 ? / 9

Boolean approximation 96.5 2 / 8

C4.5 98.7 1 / 8 span span ∗numberofattributesused/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 neural 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 őnale network-to-rule conversion relatively easy. A prominent example of this class of rule extraction methods is rule 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 classiőcation dataset, it achieved results almost identical to those reported by Ishikawa in [5]. Results on additional benchmark problems as well as on a selected real-world problem will be given in the workshop presentation.

Acknowledgements

The research presented in this paper was supported by CTU internal grant No. CTU0208713.

References

[1] R. Andrews, J. Diederich, and A.B. Tickle. Survey and critique of techniques for extracting rules from trained artiőcial neural networks. Knowledge-Based Systems, 8(6):373ś389, 1995.

[2] M. Berthold and D.J. Hand, editors. Intelligent Data Analysis, chapter Rule Induction, pages 195ś216.

Springer, 1999.

[3] W. Duch, R. Adamczak, and K. Grabczewski. A new methodology of extraction, optimization and application of crisp and fuzzy logical rules. IEEE Transactions on Neural Networks, 12(2):277ś306, 2001.

[4] M. Ishikawa. Structural learning with forgetting. Neural Networks, 9(3):509ś521, 1996. [5] M. Ishikawa. Rule extraction by successive regularization. Neural Networks, 13(10):1171ś1183, 2000.

[6] M. Ishikawa and H. Ueda. Structural learning approach to rule discovery form data with continuous valued inputs. In ICONIP ’97, pages 898ś901. Springer, New York, 1997.

[7] William V. Quine. The problem of simplifying truth functions. American Mathematical Monthly, 59:521ś531, October 1952.

[8] R. Setiono. Extracting m-of-n rules from trained neural networks. IEEE Transactions on Neural Networks, 11(2):512ś519, 2000.

[9] A.B. Tickle, R. Andrews, M. Golea, and J. Diederich. The truth will come to light: Directions and challenges in extracting the knowledge embedded within trained artiőcial neural networks. IEEE Transactions on Neural Networks, 9(6):1057ś1068, 1998.

[10] H. Tsukimoto. Extracting rules from trained neural networks. IEEE Transactions on Neural Networks, 11(2):377ś389, 2000.

ElektronickaÂ zdravotnõÂ dokumentace

doktorand:

ING. PETR HANZLI^ÂC^ÏEK

sÏkolitel:

PROF. RNDR. JANA ZVA^Â ROVA^Â , DRSC.

UÂ stav informatiky, EuroMISE Centrum, Pod vodaÂrenskou veÏzÏõÂ 2, 180

00, Praha 8

UÂ stav informatiky, EuroMISE Centrum, Pod vodaÂrenskou veÏzÏõÂ 2, 180

00, Praha 8

hanzlicek@euromise.cz zvarova@euromise.cz

obor studia:

BiomedicõÂnskaÂ informatika

UÂ vod

ZdravotnõÂ zaÂznamy jsou v soucÏasnosti zavedenou soucÏaÂstõÂ klinickeÂ praxe. Tyto zaÂznamy obsahujõÂ dÊulezÏiteÂ informace pro leÂcÏebnou peÂcÏi a uzÏõÂvajõÂ se rÊuznyÂmi zpÊusoby pro rÊuzneÂ uÂcÏely. Snahou je reprezentovat tyto zaÂznamy na elektronickeÂm meÂdiu tak, aby byly zpracovatelneÂ pocÏõÂtacÏovyÂm systeÂmem. ElektronickyÂ zdravotnõÂ zaÂznam lze pak chaÂpat jako technologickyÂ prostrÏedek pro dokumentaci leÂcÏebneÂho procesu.

V EvropeÏ i ve sveÏteÏ pracuje rÏada organizacõÂ, ktereÂ se zabyÂvajõÂ vyÂzkumem a vyÂvojem prototypÊu elektronickeÂho zdravotnõÂho zaÂznamu, oblast elektronickeÂho zdravotnõÂho zaÂznamu je i prÏedmeÏtem cÏinnosti naÂrodnõÂch i mezinaÂrodnõÂch standardizacÏnõÂch organizacõÂ. V tomto prÏõÂspeÏvku ukazuji soucÏasnou situaci v oblasti vyÂzkumnyÂch projektÊu a existujõÂcõÂch standardÊu a prÏedklaÂdaÂm naÂvrh implementace systeÂmu, kompatibilnõÂho s vybranyÂmi evropskyÂmi normami a standardy.

Normy a standardy

V soucÏasneÂ dobeÏ existuje ve sveÏteÏ celaÂ rÏada organizacõÂ, zabyÂvajõÂcõÂch se prÏõÂpravou norem a standardÊu z oblasti elektronickeÂ zdravotnõÂ dokumentace. JednaÂ se o dokumenty, pokryÂvajõÂcõÂ oblast komunikace, reprezentace dat, terminologie, bezpecÏnosti a interoperability.

Na mezinaÂrodnõÂ uÂrovni hraje vyÂznamnou roli technickaÂ komise cÏ. 215 mezinaÂrodnõÂ organizace pro standardizaci ISO (ISO/TC215) [1]. JednotliveÂ pracovnõÂ skupiny se veÏnujõÂ koordinaci elektronickyÂch zdravotnõÂch zaÂznamÊu a tvorbeÏ informacÏnõÂch modelÊu, problematice komunikace a prÏenosu zpraÂv, reprezentaci zdravotnõÂch konceptÊu, bezpecÏnosti a zdravotnõÂm kartaÂm. Komise je prÏõÂmyÂm autorem dvou standardÊu, dalsÏõÂ byly prÏipraveny ve spolupraÂci s dalsÏõÂmi standardizacÏnõÂmi institucemi.

V EvropeÏ existuje obdobnaÂ organizace jako ISO - EvropskyÂ vyÂbor pro normalizaci CEN. Problematikou zdravotnickeÂ informatiky se v raÂmci CENu zabyÂvaÂ jeho technickaÂ komise cÏ. 251, informujõÂcõÂ o sveÂ cÏinnosti na svyÂch webovskyÂch straÂnkaÂch http://www.centc251.org/ [2]. Komise za dobu sveÂ existence prÏipravila prÏes 40 dokumentÊu prÏedbeÏzÏnyÂch evropskyÂch norem. Z hlediska dlouhodobeÂ snahy nasÏõÂ republiky o vstup do EvropskeÂ unie jsou vyÂsledky praÂce teÂto evropskeÂ organizace pro naÂs klõÂcÏoveÂ a jsou takeÂ postupneÏ zavaÂdeÏny do cÏeskeÂ soustavy norem.

DalsÏõÂ technickou komisõÂ, jejõÂzÏ cÏinnost souvisõÂ s oblastõÂ medicõÂnskeÂ informatiky, je technickaÂ komise cÏ. 224, zabyÂvajõÂcõÂ se problematikou elektronickyÂch karet.

DalsÏõÂ organizacõÂ, produkujõÂcõÂ standardy, jejõÂzÏ cÏinnost v poslednõÂ dobeÏ nabyÂvaÂ na vyÂznamu, je americkaÂ organizace Health Level Seven [4], prÏipravujõÂcõÂstandard pro komunikaci ve zdravotnictvõÂHL7. Ze standardu, pÊuvodneÏ speciőkujõÂcõÂho pouze obsah a formaÂt komunikace na aplikacÏnõÂ uÂrovni se maÂ v prÏipravovaneÂ verzi 3 staÂt komplexnõÂ soubor dokumentÊu, veÏnujõÂcõÂ se celeÂ problematice medicõÂnskeÂ informatiky. Ve verzi 3 je vyÂmeÏna zpraÂv zalozÏena na datoveÂm modelu. V zaÂkladnõÂm RIMu (ReferencÏnõÂ informacÏnõÂ model, Reference Information Model, viz ObraÂzek 16) a v DIMech (DomeÂnoveÂ informacÏnõÂ modely, Domain Information Models) jsou modelovaÂny komunikacÏnõÂ vazby ve zdravotnickyÂch systeÂmech a slouzÏõÂ jako zaÂklad pro vsÏechny pracovnõÂ skupiny pouzÏõÂvajõÂcõÂ HL7.

DalsÏõÂ organizace a vyÂzkumneÂ projekty

DalsÏõÂm projektem, kteryÂ se zabyÂvaÂ hledaÂnõÂm optimaÂlnõÂch zpÊusobÊu realizace elektronickeÂho zdravotnõÂho zaÂznamu, je australskyÂ projekt Good Electronic Health Record (GEHR) [5]. ZaÂkladem jeho koncepce je formaÂlnõÂ seÂmantickyÂ model (GEHR Object Model, GOM), popisujõÂcõÂ koncepty ve trÏech uÂrovnõÂch - EHR (zaÂhlavõÂ, transakce), struktury pro reprezentaci obecnyÂch znalostõÂ (zjisÏteÏnõÂ, subjektivnõÂ informace, instrukce) a nõÂzkouÂrovnÏovaÂ data (datoveÂ typy, jednotky, multimeÂdia). KlinickeÂ modely jsou popisovaÂny mimo GOM pomocõÂ tzv. archetypÊu - zaÂkladnõÂch typickyÂch stavebnõÂch jednotek jako naprÏ. deÂlka nebo hmotnost. Tyto archetypy jsou pak odkazovaÂny ve strukturÏe pojmÊu, pouzÏõÂvanyÂch pro popis zjisÏteÏnõÂ u pacienta v elektronickeÂm zdravotnõÂm zaÂznamu.

Problematice strukturovaneÂho elektronickeÂho zdravotnõÂho zaÂznamu a optimaÂlnõÂho uzÏivatelskeÂho rozhranõÂ se veÏnoval evropskyÂ projekt I4C/TripleC [6]. Jeho cõÂlem bylo vyvinout systeÂm, poskytujõÂcõÂ integrovanyÂ prÏõÂstup k datÊum bez ohledu na mõÂsto jejich ulozÏenõÂ, podporu leÂkarÏskeÂ peÂcÏe konzultacemi na daÂlku a konzistentnõÂ zaÂznam pacientskyÂch dat, obrazÊu a biosignaÂlÊu v raÂmci jednoho elektronickeÂho zaÂznamu. ObdobnyÂ prÏõÂstup byl zvolen v projektu Synapses, ve ktereÂm byla snaha o vyuzÏitõÂ existujõÂcõÂch informacÏnõÂch systeÂmÊu pro klinickeÂ informace, laboratornõÂ data a vytvorÏit otevrÏeneÂ rÏesÏenõÂ pro sdõÂlenõÂ dat mezi teÏmito systeÂmy. ZaÂkladem byla hierarchickaÂ struktura uÂdajÊu, udrzÏovanaÂ jednõÂm centraÂlnõÂm serverem, vlastnõÂ data pak byla zõÂskaÂvaÂna prÏõÂmo z konkreÂtnõÂho systeÂmu, ve ktereÂm byla ulozÏena.

HlavnõÂ zdroje inspirace

HlavnõÂmi zdroji mysÏlenek a inspiracõÂ pro naÂsÏ vyÂvoj byly jednak prÏedbeÏzÏneÂ evropskeÂ normy, prÏipravovaneÂ technickou komisõÂ CEN/TC251, jednak vyÂsledky evropskeÂho projektu I4C/TripleC 4. raÂmcoveÂho programu, v jehozÏ raÂmci byl vyvinut software elektronickeÂho zdravotnõÂho zaÂznamu ORCA (Open Record for Care). Architekturu elektronickeÂho zdravotnõÂho zaÂznamu popisuje dokument CEN/TC251 ENV13606 žSdeÏlovaÂnõÂ elektronickyÂch zdravotnõÂch zaÂznamÊuž [3], kteryÂ je od roku 2001 soucÏaÂstõÂ cÏeskeÂ soustavy norem. Tento prÏedbeÏzÏnyÂ standard maÂ naÂsledujõÂcõÂ 4 cÏaÂsti:

• CÏaÂst 1: RozsÏõÂrÏenaÂ architektura

• CÏaÂst 2: Seznam pojmÊu domeÂny

• CÏaÂst 3: DistribucÏnõÂ pravidla

• CÏaÂst 4: ZpraÂvy pro vyÂmeÏnu informacõÂ

HlavnõÂ vyÂznam tohoto prÏedbeÏzÏneÂho standardu je v oblasti komunikace mezi elektronickyÂmi zdravotnõÂmi zaÂznamy. V prvnõÂ cÏaÂsti je popsaÂn konceptuaÂlnõÂ model struktury a obsahu, vhodnyÂ pro vyÂmeÏnu informacõÂ mezi elektronickyÂmi zdravotnõÂmi zaÂznamy. Dokument odkazuje na rÏadu dalsÏõÂch standardÊu CEN a ISO.

DruhyÂm zdrojem inspirace byl software elektronickeÂho zdravotnõÂho zaÂznamu ORCA. Tento software vyuzÏõÂval dvouvrstvou architekturu klient-server (databaÂzovaÂ a uzÏivatelskaÂ vrstva) a strukturovanyÂ zpÊusob ulozÏenõÂ dat kombinovanyÂ s mozÏnostõÂ ulozÏenõÂ multimediaÂlnõÂch objektÊu v historii pacienta [7]. PrimaÂrnõÂm zpÊusobem vklaÂdaÂnõÂ dat byl vstup strukturovaneÂ informace s mozÏnostõÂ uvaÂdeÏt k jednotlivyÂm polozÏkaÂm textoveÂ komentaÂrÏe. MnozÏina sbõÂranyÂch dat byla deőnovaÂna hierarchicky strukturovanou znalostnõÂ baÂzõÂ, jejõÂzÏ soucÏaÂstõÂ byl popis obsazÏenyÂch termõÂnÊu v neÏkolika evropskyÂch jazycõÂch. VlozÏeneÂ strukturovaneÂ uÂdaje tak bylo mozÏneÂ snadno prÏelozÏit do jineÂho jazyka bez ohledu na to, jakyÂ jazyk byl pouzÏit prÏi jejich vklaÂdaÂnõÂ. EuroMISE centrum se uÂcÏastnilo druheÂ cÏaÂsti projektu - projektu TripleC. CõÂlem projektu byla adaptace software Orca na cÏeskeÂ podmõÂnky a otestovaÂnõÂ pouzÏitelnosti strukturovaneÂho zaÂznamu o pacientovi sbeÏrem dat pro vyÂzkumneÂ uÂcÏely [8].

VlastnõÂ naÂvrh

NasÏe zkusÏenosti a mysÏlenky inspirovaneÂ projektem I4C/TripleC vyuÂstily v naÂsledujõÂcõÂ seznam pozÏadavkÊu, ktereÂ by elektronickyÂ zdravotnõÂ zaÂznam meÏl splnÏovat.

• strukturovanyÂ zpÊusob ulozÏenõÂ informacõÂ kombinovanyÂ s volnyÂm textem

• naÂstroje k usnadneÏnõÂ strukturalizace ulozÏeneÂ informace (prÏevod volneÂho textu na strukturovanaÂ data)

• naÂstroje pro vyhodnocovaÂnõÂ a vizualizaci ulozÏenyÂch dat

• mnozÏina sbõÂranyÂch uÂdajÊu dynamicky rozsÏirÏitelnaÂ a modiőkovatelnaÂ bez zmeÏny databaÂzoveÂ struktury

• systeÂm pro rÏõÂzenõÂ prÏõÂstupu k pacientskyÂm datÊum a znalostnõÂ baÂzi

• naÂstroje pro kontrolu spraÂvnosti ulozÏenyÂch dat a souhlasu s leÂkarÏskyÂmi doporucÏenõÂmi

• podpora praÂce ve võÂce jazycõÂch

• informace o rodinnyÂch vztazõÂch mezi pacienty pro vyÂzkum v oblasti genetiky

• sdruzÏovaÂnõÂ dat prÏõÂslusÏejõÂcõÂ k jednotlivyÂm udaÂlostem u pacienta

• zaÂznam o vsÏech zmeÏnaÂch pacientskyÂch dat, znalostnõÂ baÂze, zmeÏn prÏõÂstupovyÂch praÂv apod.

• minimaÂlnõÂ zaÂvislost na pouzÏiteÂm databaÂzoveÂm nebo operacÏnõÂm systeÂmu

• sÏirokaÂ vyuzÏitelnost (od jednotliveÂ pracovnõÂ stanice na stole praktickeÂho leÂkarÏe azÏ po distribuovaneÂ prostrÏedõÂ ve velkeÂ nemocnici)

• mozÏnost prÏõÂstupu k ulozÏenyÂm datÊum z mobilnõÂch terminaÂlÊu (PDA, mobilnõÂ telefony)

• motivacÏnõÂ systeÂm pro leÂkarÏe (automatizace rutinnõÂ administrativnõÂ praÂce, reporty pro zdravotnõÂ pojisÏt’ovny, apod.)

• multimediaÂlnõÂ informace jako soucÏaÂst elektronickeÂho zaÂznamu.

Na zaÂkladeÏ zmõÂneÏnyÂch pozÏadavkÊu byl zahaÂjen vyÂzkum a vyÂvoj novyÂch zpÊusobÊu reprezentace a realizace elektronickeÂho zdravotnõÂho zaÂznamu. ZaÂkladem naÂmi navrhovaneÂ struktury je trÏõÂvrstvaÂ architektura, sestaÂvajõÂcõÂ z datoveÂ vrstvy, funkcÏnõÂ vrstvy a uzÏivatelskeÂho interface (prezentacÏnõÂ vrstva). VyÂhodou tohoto rÏesÏenõÂ je snadneÏjsÏõÂ uÂdrzÏba a ladeÏnõÂ aplikace z dÊuvodu oddeÏlenõÂ prezentacÏnõÂ a funkcÏnõÂ vrstvy, optimalizace zdrojÊu rozdeÏlenõÂm vyÂkonu (mozÏnost distribuce aplikace v raÂmci sõÂteÏ), spolehlivost a odolnost proti vyÂpadkÊum a zvyÂsÏenõÂ bezpecÏnosti. Architektura systeÂmu tak umozÏnÏuje plynulyÂ prÏechod mezi systeÂmem instalovaneÂm na jedineÂm PC azÏ po instalace klient-server v raÂmci distribuovaneÂ sõÂteÏ.

ZaÂkladem datoveÂ reprezentace je mysÏlenka oddeÏlenõÂ popisu a hodnot velicÏin, ktereÂ v elektronickeÂm zdravotnõÂm zaÂznamu uchovaÂvaÂme. VelicÏiny a jejich vzaÂjemneÂ vztahy deőnuje znalostnõÂ baÂze, reprezentovanaÂ grafovou strukturou, vlastnõÂ data jsou ulozÏena pomocõÂ jednoducheÂ univerzaÂlnõÂ grafoveÂ struktury, obsahujõÂcõÂ pro kazÏdyÂ uÂdaj: identiőkacÏnõÂ uÂdaje pacienta a leÂkarÏe, identiőkaci vysÏetrÏovaneÂ velicÏiny, jejõÂ hodnotu, spolehlivost, se kterou byl uÂdaj zjisÏteÏn, uÂdaje o obdobõÂ platnosti daneÂho uÂdaje a dalsÏõÂ. Tato struktura umozÏnÏuje aplikovat jednotnyÂ postup prÏi ulozÏenõÂ nebo prezentaci libovolneÂho typu informace, bez zmeÏny databaÂzoveÂ struktury je mozÏneÂ prÏidaÂvat noveÂ zjisÏt’ovaneÂ velicÏiny. NaÂvrh zachovaÂvaÂ historii zmeÏn znalostnõÂ baÂze i zjisÏteÏnyÂch hodnot jednotlivyÂch velicÏin. V raÂmci funkcÏnõÂ vrstvy je rÏesÏena logika aplikace, soucÏaÂstõÂ vrstvy je implementace formalizovanyÂch leÂkarÏskyÂch doporucÏenõÂ. Jedna z prÏipravovanyÂch realizacõÂ uzÏivatelskeÂho rozhranõÂ zahrnuje systeÂm, kombinujõÂcõÂ zaÂznam pomocõÂ volneÂho textu s poloautomatickyÂm vyÂbeÏrem zadaÂvaneÂ velicÏiny ze znalostnõÂ baÂze na zaÂkladeÏ zadaÂvaneÂho textu. Text je pak ulozÏen jako XML dokument, obsahujõÂcõÂ odkazy na velicÏiny ve znalostnõÂ baÂzi a jejich hodnoty. ParalelneÏ jsou data ulozÏena v databaÂzi pro dalsÏõÂ zpracovaÂnõÂ.

References

[1] International Organization for Standardization, http://www.iso.ch/ [2] European Committee for Normalization, Technical Committee 251 Health Informatics (CEN/TC251), http://www.centc251.org/ [3] CÏSN ENV 13606, CEN/TC251 [4] Health Level Seven, http://www.hl7.org/ [5] Good Electronic Health Record, http://www.gehr.org/ [6] Pierik F.H., van Ginneken A.M., Timmers T., Stam H., Weber R.F.: Restructuring routinely collected patient data: ORCA applied to andrology. Yearbook of Medical Informatics 98, Schattauer, Stuttgart 1998 [7] 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] ZvaÂrovaÂ J, HanzlõÂcÏek P, PrÏibõÂk V. Application of Orca Multimedia EPR in Czech Hospitals. Euro- Rec’99 Proceedings Book - Sevilla, ProRec 1999: pp. 160-165

PsychologickeÂ dotaznõÂky a detekce psychosomatickyÂch stavuÊ

doktorand:

ING. PETR ZAVADIL

sÏkolitel:

DOC. ING. VLADIMI^ÂR ECK, CSC.

EuroMISE UÂ stav informatiky AV CÏ R Pod VodaÂrenskou veÏńõÂ 2 Praha 8

Katedra kybernetiky FEL CÏ VUT v Praze TechnickaÂ 2 Praha 6

zavadil@euromise.cz eck@lab.felk.cvut.cz

obor studia:

UmeÏlaÂ inteligence a biokybernetika

Souhrn

CÏlaÂnek popisuje metodu detekce psychosomatickyÂch stavuÊ operaÂtora s vyuńitõÂm psychologickyÂch sebehodnotõÂcõÂch AÄ kaÂlovyÂch dotaznõÂkuÊ. Tato metoda doplnÏuje standardnõÂ metody detekce. Znalost psychosomatickyÂch stavuÊ muÊńe byÂt vyuńita prÏi uzavrÏenõÂ vneÏjAÄ õÂ zpeÏtneÂ vazby u cÏloveÏka. PopisovanaÂ metoda je podporÏena experimentaÂlneÏ zõÂskanyÂmi daty.

1. UÂ vod

PsychosomatickyÂ operaÂtorskyÂ prÏõÂstup spadaÂ do oblasti zpeÏtneÂ vazby (ZV) u cÏloveÏka. ZV je v reaÂlneÂm cÏase (obr. 14) reprezentovaÂna trÏemi cÏaÂstmi:

Obr. 14: UzavrÏenõÂ vneÏjAÄ õÂ zpeÏtneÂ vazby u cÏloveÏka

• zjiAÄ teÏnõÂm psychosomatickeÂho stavu,

• porovnaÂnõÂm zjiAÄ teÏneÂho stavu se stavem pońadovanyÂm a stanovenõÂm dalAÄ õÂ strategie na zaÂkladeÏ individuaÂlnõÂho modelu chovaÂnõÂ,

• rÏõÂzenyÂm ovlivnÏovaÂnõÂm (zvyÂAÄ enõÂm nebo snõÂńenõÂm zaÂteÏńe) na zaÂkladeÏ zvoleneÂ strategie.

Stavy operaÂtora je nutneÂ individuaÂlneÏ zmapovat v identiőkacÏnõÂm procesu, kteryÂ prÏedchaÂzõÂ uzavrÏenõÂ ZV. StandardnõÂ metody sledovaÂnõÂ psychosomatickyÂch stavuÊ cÏloveÏka se zameÏrÏujõÂ na strÏõÂdaÂnõÂ faÂzõÂ klidu a ruÊznyÂch druhuÊ kraÂtkodobeÂ i dlouhodobeÂ zaÂteÏńe [1]. V pruÊbeÏhu testovaÂnõÂ jsou meÏrÏeny a zaznamenaÂny reakcÏnõÂ a fyziologickeÂ signaÂly. Na zaÂkladeÏ znalostõÂ faÂzõÂ a zaÂznamuÊ jsou naÂsledneÏ individuaÂlneÏ urcÏeny zjistitelneÂ psychosomatickeÂ stavy. PrÏõÂklad takoveÂho prÏõÂstupu je systeÂm InteligentnõÂho rozhranõÂ vyvõÂjenyÂ na UniverziteÏ Kyoto, jehoń soucÏaÂstõÂ je analyÂza a odhad poznaÂvacõÂch stavuÊ soustavy žMan-machine interfacež [2].

V teÂto praÂci je nadaÂle prÏedklaÂdaÂn odliAÄ nyÂ postup umońnÏujõÂcõÂ detekovat psychosomatickeÂ stavy psychologickyÂmi sebehodnotõÂcõÂmi metodami. VyÂsledky tohoto postupu by meÏly standardnõÂ identiőkacÏnõÂ operaÂtorskyÂ prÏõÂstup doplnit a zprÏesnit.

CõÂlem praÂce je orientovat se na metody psychologie, ktereÂ vyuńõÂvajõÂ sebediagnostickeÂ dotaznõÂky pro zaÂznam kraÂtkodobeÂho psychickeÂho stavu cÏloveÏka a stanovit konkreÂtnõÂ postup, kteryÂ umońnõÂ rozdeÏlit otestovanou skupinu osob-operaÂtoruÊ podle detekovanyÂch stavuÊ.

2. ^kaÂloveÂ emocÏnõÂ dotaznõÂky

V psychologii se zaÂznam kraÂtkodobyÂch emocÏnõÂch stavuÊ vyuńõÂvaÂ prÏi hodnocenõÂ pracovnõÂ zaÂteÏńe a stresu [3]. Jednou z metod pouńõÂvanyÂch v teÂto oblasti jsou AÄ kaÂloveÂ dotaznõÂky, kde odpoveÏdi probanduÊ vyjadrÏujõÂ mõÂru ztotońneÏnõÂ s otaÂzkou (naprÏ. s adjektivem popisujõÂcõÂm speciőckyÂ pocit). MõÂra souhlasu muÊńe byÂt vyjaÂdrÏena vyÂbeÏrem z prÏedklaÂdaneÂho seznamu slovnõÂho hodnocenõÂ, graőcky na ose nebo prÏõÂmo jednoduchou klasiőkacõÂ (naprÏ. 1 - 5). Po vyplneÏnõÂ jsou otaÂzky rÏazeny do skupin, ktereÂ jsou hodnoceny soucÏtem numericky vyjaÂdrÏenyÂch odpoveÏdõÂ. Tento prÏõÂstup prÏedpoklaÂdaÂ u probanduÊ ochotu spolupracovat a koncentraci na sebehodnocenõÂ.

Pro dalAÄ õÂ pouńitõÂ byl vybraÂn dotaznõÂk AÄ kaÂly MIND (AÄ kaÂly Likertova typu), kteryÂ byl pouńit prÏi testovaÂnõÂ pracovnõÂ naÂrocÏnosti ve StaÂtnõÂm zdravotnõÂm uÂstavu, v sekci hygieny praÂce. ObdobnyÂ AÄ kaÂlovyÂ dotaznõÂk 12 FaktoruÊ žMood Adjective Checklistž byl poprveÂ publikovaÂn v roce 1965 (Nowlis, University of Rochester N.Y.). NavazujõÂcõÂ AÄ veÂdskaÂ studie [4] se zabyÂvala optimalizacõÂ pocÏtu otaÂzek v teÏchto dotaznõÂcõÂch.

PouńityÂ dotaznõÂk maÂ 2 cÏaÂsti, prvnõÂ obsahuje otaÂzky na kraÂtkodobou minulost a druhyÂ pak 40 otaÂzek na okamńityÂ stav s 5-ti hodnotovyÂmi AÄ kaÂlami odpoveÏdõÂ. Inovace pro pouńitõÂ dotaznõÂku v teÂto praÂci je pocÏõÂtacÏoveÂ zpracovaÂnõÂ. Dosud byl vyplnÏovaÂn v papõÂroveÂ formeÏ a podobneÂ otaÂzky bylo mońno vizuaÂlneÏ korigovat. NovaÂ softwarovaÂ realizace umońnÏuje prÏedklaÂdat otaÂzky jednotliveÏ, otaÂzky nejdou bezprostrÏedneÏ po sobeÏ, zaÂrovenÏ se zaznamenaÂvaÂ cÏas straÂvenyÂ nad jednotlivyÂmi otaÂzkami a vzaÂpeÏtõÂ po vyplneÏnõÂ jsou k dispozici vyÂsledky - individuaÂlnõÂ v dvourozmeÏrnyÂch grafech a souhrnneÂ o skupineÏ cÏi podskupinaÂch v grafech trÏõÂrozmeÏrnyÂch.

Pro dalAÄ õÂ zpracovaÂnõÂ je vyÂznamneÏjAÄ õÂ druhaÂ cÏaÂst s 8-mi skupinami otaÂzek. VAÄ echny odpoveÏdi jsou vyjaÂdrÏeny jednou z peÏti hodnot AÄ kaÂly. ZaÂveÏrecÏneÂ vyhodnocenõÂ skupin 5-ti otaÂzek je procentuaÂlneÏ vztańeno k minimaÂlnõÂmu a maximaÂlnõÂmu mońneÂmu soucÏtu odpoveÏdõÂ ve skupineÏ (obr. 15). Takto zpracovaneÂ dotaznõÂky umońnÏujõÂ individuaÂlneÏ stanovit psychickyÂ stav a prÏi testovaÂnõÂ võÂce probanduÊ tyto stavy leÂpe heuristicky porovnaÂvat.

3. ProvaÂdeÏneÂ experimenty

3.1. NavrńeneÂ cõÂle

CõÂlem provedenyÂch experimentuÊ bylo vyuńõÂt psychologickeÂ metody pro detekci psychosomatickeÂho stavu operaÂtora. Tento hlavnõÂ cõÂl muÊńeme rozdeÏlit na neÏkolik dõÂlcÏõÂch:

• otestovat homogennõÂ skupinu osob vytvorÏenyÂm pocÏõÂtacÏoveÏ zpracovanyÂm AÄ kaÂlovyÂm dotaznõÂkem

Obr. 15: IndividuaÂlnõÂ vyhodnocenõÂ emocÏnõÂho dotaznõÂku

• beÏhem testovaÂnõÂ zaznamenaÂvat fyziologickeÂ a reakcÏnõÂ parametry s prÏedpoklaÂdanou psychofyziologickou vazbou a jednoduchou aplikacõÂ prÏi testech

• na zaÂkladeÏ testu rozdeÏlit skupinu podle individuaÂlneÏ vyhodnocenyÂch dotaznõÂkuÊ

• podporÏit rozdeÏlenõÂ do podskupin s vyÂznamnyÂmi emocÏnõÂmi stavy reakcÏnõÂmi a fyziologickyÂmi parametry (hledaÂnõÂ psychosomatickeÂ vazba)

• zhodnotit a optimalizovat test (redukce pocÏtu otaÂzek i jejich skupin, uÂprava parametrizace, ...)

3.2. PruÊbeÏh testuÊ

Pro testovaÂnõÂ byla vytvorÏena internetovaÂ straÂnka, kteraÂ slouńila jako objednaÂvacõÂ systeÂm a zaÂjemcuÊm nastõÂnila pruÊbeÏh meÏrÏenõÂ z pohledu testovaneÂ osoby. Pro kańdou osobu byla vyhrazena hodina v standardizovaneÂm klidneÂm prostrÏedõÂ. MeÏrÏenõÂ probõÂhalo v odpolednõÂch hodinaÂch beÏhem prÏiblińneÏ jednoho meÏsõÂce.

VyÂbeÏr fyziologickyÂch signaÂluÊ a naÂsledneÂ parametrizace byl omezen dostupnostõÂ a prÏedpokladem o psychosomatickeÂ vazbeÏ [5] a [6].

PrÏi testovaÂnõÂ byl vyplnÏovaÂn vytvorÏenyÂ dotaznõÂk pomocõÂ klaÂvesnice a myAÄ i. PrÏed a po vyplnÏovaÂnõÂ byl meÏrÏen krevnõÂ tlak a pocÏet tepuÊ za 60 s, beÏhem vyplnÏovaÂnõÂ pak srdecÏnõÂ frekvence s vzorkovacõÂ frekvencõÂ 5 s - senzorem na hrudnõÂku (prÏõÂstroj POLAR) a synchronneÏ byl zaznamenaÂvaÂn cÏas kańdeÂ odpoveÏdi.

Po ukoncÏenõÂ byli vAÄ ichni testovanõÂ informovaÂni o vyÂsledcõÂch dotaznõÂku na graőckeÂm znaÂzorneÏnõÂ a zaÂrovenÏ konzultovaÂni a dotazovaÂni (pochopenõÂ otaÂzek, nejasnosti, celkoveÂ sebehodnocenõÂ apod.)

4. DosańeneÂ vyÂsledky

Bylo otestovaÂno 63 osob (na KatedrÏe kybernetiky FEL CÏVUT v Praze). Jednalo se prÏevaÂńneÏ o studenty, PhD studenty a zameÏstnance katedry mezi 21 a 30 lety (histogram je na obr. 16). PruÊmeÏrnyÂ veÏk testovaneÂ skupiny byl 24,5 let.

Obr. 16: Histogram testovaneÂ skupiny

Na zaÂkladeÏ heuristickeÂho prÏõÂstupu vychaÂzejõÂcõÂ ze struktury dat, iteracÏnõÂch postupuÊ, pozorovaÂnõÂ a porovnaÂvaÂnõÂ podskupin v 3D grafech byly stanoveny limitnõÂ hodnoty pro dvojice skupin otaÂzek. Tyto hodnoty umońnõÂ bipolaÂrneÏ rozdeÏlit celou testovanou skupinu ve cÏtyrÏech danyÂch oblastech. KańdaÂ z velicÏin (reprezentujõÂcõÂch odpoveÏdi na emocÏnõÂ dotaznõÂk) prÏispõÂvaÂ pouze do jedneÂ z oblastõÂ. JednotlivaÂ rozdeÏlenõÂ deÏlõÂ skupinu na dveÏ vyÂznamneÂ podskupiny, jednu s jasneÏ vymezenyÂm emocÏnõÂm stavem (konkreÂtneÏ vńdy pozitivneÏ) a druhou zahrnujõÂcõÂ zbytek. VyÂsledky jsou naÂzorneÏ shrnuty v tab. 8.

Tab. 8: Tabulka rozdeÏlenõÂ testovaneÂ skupiny (hodnoty vyjadrÏujõÂ pruÊmeÏr odpoveÏdõÂ celeÂ skupiny v % a pocÏty osob s danyÂm vymezenõÂm odpoveÏdõÂ)

-bb-error = =

5. DalAÄ õÂ zpracovaÂnõÂ

PrÏi dalAÄ õÂm zpracovaÂnõÂ se autor zameÏrÏõÂ na porovnaÂnõÂ heuristickeÂho stanovenõÂ skupin s emocÏnõÂm stavem se standardnõÂmi statistikyÂmi klasiőkacÏnõÂmi metodami (postupy vyuńiteÂ naprÏ. v [7] a [8]).

V naÂsledneÂm kroku pak na porovnaÂnõÂ skupin emocÏnõÂch stavuÊ s reakcÏnõÂmi a fyziologickyÂmi parametry, prÏõÂpadneÏ s jejich vyÂznamnyÂmi skupinami.

V zaÂveÏrecÏneÂ faÂzi pak autor zhodnotõÂ pouńitou dotaznõÂkovou metodu. Vzhledem ke zjiAÄ teÏnyÂm vyÂsledkuÊm pak prÏõÂpadneÏ navrhne pro detekci psychosomatickyÂch stavuÊ uÂpravu dotaznõÂkuÊ a modiőkaci meÏrÏenyÂch signaÂluÊ a parametruÊ.

6. ZaÂveÏr

Data zõÂskanaÂ experimenty a navrńenyÂ postup mapuje mońnosti detekce psychosomatickyÂch stavuÊ operaÂtora pomocõÂ sebediagnostickyÂch psychologickyÂch dotaznõÂkuÊ. PopsanaÂ metodika se nesnańõÂ zachytit operaÂtorskeÂ stavy v plneÂm rozsahu, slouńõÂ jen jako zdroj doplnÏujõÂcõÂch informacõÂ o zateÏńovaneÂm cÏloveÏku. VyÂsledky vyplyÂvajõÂcõÂ z experimentuÊ je trÏeba chaÂpat v omezeneÂ mõÂrÏe v kontextu testovaneÂ skupiny osob.

Literatura

[1] Zavadil, P.: Identiőcation and Control of Psycho-physiological Stress; In: Proceedings of Workshop 2000, Prague: CTU, 2000, p. 531.

[2] Yoshikawa, H.; Nakagawa, T.; Nakatani, Y.; Furuta, T.; Hasegawa, A.: Development of an analysis support system for man-machine system design information; Journal Paper, Control Engineering Practice, Elsevier, UK, 1997: Vol: 5 Iss: 3 p. 417-25.

[3] HladkyÂ A. a kol.: ZdravotnõÂ aspekty zaÂteÏńe a stresu; Praha, UK Karolinum, 1993. [4] Kjellberg, A.; Iwanowski, S.: Stress/Energi FormulaÈrt: Utveckling av en metod foÈr skattming av sinnesstmaÈning i arbetet; Solna, NIOH, UndersoÈknigsrapport 26, 1989.

[5] BaAÄteckyÂ, J., ^avlõÂk, J., ^imek, J. a kol.: PsychosomatickaÂ medicõÂna; Praha, Grada Avicenum, 1993. [6] BrichcõÂn, M., Hoskovec, J., ^tikar, J.: PrÏõÂstrojoveÂ metody v psychologickeÂ diagnostice; Bratislava, PsychodiagnostickeÂ a didaktickeÂ testy, 1983.

[7] HebaÂk, P.; HustopeckyÂ, J.: VõÂcerozmirneÂ statistickeÂ metody a aplikace; Praha, SNTL, 1987. [8] MaÂcÏe, M.: Aplikace statistickyÂch klasiőkacÏnõÂch metod na biologickeÂ objekty; DiplomovaÂ praÂce na katedrÏe rÏõÂdõÂcõÂ techniky, Praha, CÏVUT FEL, 1981.