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Abstract

Thepaper providesabrief overview of thestate of theartin middlewarebenchmarking. Theoverview is
used to highlight some of the outstanding issuesin the area, specifically theissuesrelated toimplementing,
running and evaluating regression benchmarks. The issues are analysed in depth and the course of our
work towards resolving them is presented.

1. Introduction

Middleware benchmarking is an integral part of the distributed computing area, where it servesto satisfy an
obvious need to evaluate and compare performance of numerous implementations of communication and
application middleware standards, such as CORBA [1], RMI [2], or EJB [3].

Benchmark results are regularly used both by the middleware users, to compare performance and function-
ality of software products from different vendors, running on different hardware and software platforms,
and by the middieware developers, to evaluate the performance of their product in critical areas, to assess
implementation changes that may have an impact on performance, and to determine the extent of such
impact. In addition, benchmarking can be also used for monitoring and diagnostics, and in less common
cases, for estimation of middleware performance under different, previousdly untested, conditions [4].
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2. Stateof theArt

The areaof middleware benchmarking currently lacksastandard that woul d unify the process of middleware
benchmarkingingeneral, sothat it would cover benchmarking of different middlewareplatformsand provide
a common methodology for obtaining the data and guidelines for presentation of the results. For specific
middleware platforms, the situation is better due to demand for comparable and easy to understand results.

Themost advancedin thisregard appearsto bethe areaof CORBA benchmarking, mostly throughtheefforts
of OMG and its White Paper on Benchmarking [5], which standardizes the terminology, methodol ogy and
outlines the basic requirements for open, easy to measure and understandable benchmarks. As for other
middleware platforms, such as EJB, the standardization exists in the form of widely accepted benchmarks,
which are used throughout the industry for performance eval uation and comparison.

At present, we are aware of two principal types of benchmarksbeing widely used in the area, termed model-
application benchmarks and feature-specific benchmarks. These differ substantially in the methodol ogy
for obtaining the data and in the presentation of results, but their popularity suggests that both types of
benchmarks haveits use and audience. Depending on the expected type of results, the audience can be split
into the group of middleware users and the group of middieware developers, as described in [6].

2.1. Model-application Benchmarks

Model-application benchmarks usually simulate a model application and yield a tuple of numeric values
expressing the performance of the benchmark application. Often, the results consist of a pair of values, of
which one represents the number of model-application specific operations per second achieved on a given
hardware and software platform, while the other amounts to the cost of a single operation. This practiceis
consistent with that of the Transaction Processing Council (TPC) benchmarksfor database systems.

While the results produced by such benchmarks are easy to understand, it is very difficult to make any
assumptions about performance of a system under different workloads or for other application types, since
benchmarksof thiskind do not collect dataconcerning the lower-level application-independent functionality
of the middleware platform used.

As an example of this particular benchmark type, consider the EJB platform, which does have an officially
standardized benchmark suite for measuring performance and scalability, called ECperf [7]. The suite
measures performance of a model application simulating real-world business problems with respect to
product manufacturing, order, inventory, and supply chain management. The benchmark resultsin apair of
values representing the achieved number of operations per second and the cost of a single operation.

RUBIS [8] is another example of a model-application benchmark and is based on a prototype auction site,
modeled after eBay [9]. The benchmark is meant to be used to evaluate application design patterns and
performance scalability of application servers. SPECjbb2000 [10] isabenchmark emulating a 3-tier system
with business logic enginein the middletier, which is currently the most common type of server-side Java
application. This enumeration is by no means complete, the intent was to provide only afew examples for
illustration purposes.

2.2. Feature-specific Benchmarks

The other type of benchmarksis intended to provide very detailed coverage of individual aspects of given
middleware platform, such as marshaling, dispatching, or transport efficiency, including aspects specific to
aparticular implementation of that platform, such as threading model or shared memory optimizations. The
content of the results produced by such benchmarks usually consists of very detailed and technical data,
and is expected to be read and understood by the developers of the particular middleware platform with
appropriate background.

In measuring performance of isolated aspects typical for a specific middleware platform, these benchmarks
provide information about behavior of the individual aspects on a specific hardware and software platform
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and under various situations, such as heavy thread usage or network distribution. Middleware exhibiting no
anomaliesin the behavior of itsindividual aspectsis expected to be performing well in the overall scope.

An example of a feature-specific benchmarking suite is the Open CORBA Benchmarking Suite [6] for
performance evaluation of CORBA middleware. In dealing with the issues mentioned in the White Paper
on CORBA Benchmarking, such as uniform methodology, ease of use, and openness of the whole process
from data collection to publication of the results, the suite serves as a reference for conducting CORBA
benchmarks.

To our best knowledge, there is no comparabl e benchmark suite for other middleware platforms, especially
RMI and EJB. As for CORBA, the distribution of TAO [11], an open-source implementation of the OMG
CORBA specification, contains benchmarks measuring selected aspects of the CORBA ORB performance.
The Open CORBA Benchmarking suite differs from the collection of TAO benchmarksin that it collects
more detailed data and that it can be easily used for may different ORB implementations, because it is not
tied to a particular ORB at the source code level.

3. Regression Benchmarking

Benchmarks can be very helpful during middleware development. Our experience from a series of CORBA
performance eval uation and comparison projects shows that systematic benchmarking of middieware prim-
itives can reveal performance bottlenecksand bad design decisions aswell asimplemetation errors. In other
words, detailed, extensive and repetitive benchmarking can be used for finding regressions in middleware
implementations, hence the term regression benchmarking.

Even thoughit is beyond doubt that regression benchmarking is avaluabletool in the course of middleware
development, our practical experience indicates it is rarely used, both in the commercial and the non-
commercial/open-sourcedomains. Asfor the open-source middleware implementations, the only exception
from the fact appears to be the already mentioned TAO, which besides having a suite of regression tests to
validate correct functionality, also has a number of benchmarks. The collection, however, does not support
automation, which is needed to perform repeated extensive testing and performance evaluation.

Commenting on the development practices of commercia closed-source middleware vendors is more
difficult, astheir practicesare closed and our knowledgeisthuslimited to our experiencewith their products.
Nevertheless, in the past yearswe have revealed severa performanceproblemsin leading commercial ORB
implementations, which ranged from minor flawsto major scalability i ssues. These problemswoul d probably
have been found had the software been subjected to regression benchmarking. From this we conclude, that
regression benchmarking has not yet found a regular use even in the commercial sphere. The fact that
most available benchmark results appear to have been edited and formatted by hand also indicates that the
benchmarks are not conducted very often, which only supports our argument.

In our analysis of why the use of regression benchmarksis not more widespread, a major factor appearsto
be the fact that the initial cost of setting up regression benchmarking for a software project is perceived to
be higher than the potential benefits. Therefore, thereislittle or no incentiveto invest resourcesinit. Closer
look at theinitial costs revealswhat we believe are the major issues causing the perception of unreasonably
high costs:

1. Creation of benchmarks

Creating regression benchmarks requires developer resources, which may not be readily available.
An important factor is the amount of work required to benchmark a specific functionality on agiven
platform. Unless the effort/cost necessary to create and, which is more important, update and extend
the regression benchmark suite is reasonably small, the developers and especially the managers are
reluctant to invest effort into work, that does not provide immediate profit.
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2. Execution of benchmarks

Evenwhen the necessary effort hasbeen invested into creation of asuitefor regression benchmarking,
our experience shows that it is non-trivial to conduct the actual measurements and conduct them
repeatedly, whichis essential for regression benchmarking. The benchmark suite can contain hundreds
of tests and take days or weeks of running time to complete. The amount of collected data can
easily reach the order of gigabytes. Without a mechanism for automated execution and collection of
benchmark data, the task is on the verge of possibility. Also, for the benchmarksto be conducted on
daily basis, the execution time of the entire suite becomes an issue and requires a control mechanism.

3. Evaluation of benchmarks

The data collected during automated execution of the regression benchmarking suite are mostly raw
numbers and in amounts, that prevent direct analysis by a human. The data must be first processed
by a machine and the size and detail reduced to a manageable level. It should be possible to evaluate
the data automatically, at least to identify anomalies and to alert the developersto pay extraattention
to the results. Asin the previous case, without automated processing facilities, the benchmark results
are merely gigabytes of useless data.

Based on our experience with industrial partners, we have created a regression benchmark suite, which
attempts to address the above issues using the following concepts:

3.1. Benchmarking Framework

The solution to the issue (1) above requires easy extensibility of a suite in form of new benchmarks, while a
part of the solution to issue (2) should handle automated benchmark execution and collection of the results.
To address these issues, we have created a benchmarking framework with focus on the following features.

Easy creation of new benchmarks

To be of any use to a middleware devel oper, the benchmarking framework must not constitute an obstacle.
If there is a need to benchmark a specific middleware functionality, it is enough to write the code to test the
functionality and reuse the generic facilities provided by theframework, such as support for dataacquisition,
configuration, multi-threading, variation of test parameters, etc.

Portability and extensibility of the benchmark suite

If a particular middleware supports multiple platforms, it is desirable to compare the performance of the
middleware on those platforms. Our framework is reasonably portable to commonly used software and
hardware platforms, including several operating systems, compilers, different version of the middleware
implementation and vendor-specifictools. Extending the suite to support anew broker isamatter of minutes,
adding support for a completely new platform takes longer because of the platform dependent code which
has to be supplied to the framework.

Automated compilation and unattended execution

Manual compilation, configuration and execution of suite benchmarks, as is the case of some application
oriented benchmarks for EJB servers is smply not an option. Our suite contains hundreds of individual
benchmarks and supports running them either locally, or remotely on two different nodes on the network.
The Cygwin [12] environment is used to support remote execution of benchmarks on machines running the
Windows NT class of operating systems.

3.2. Sample Collection Mechanism

Since we want aregression benchmark to produce very detailed information, we cannot settle for collecting
only averages, minima, and maxima of the observed values. Very often, the distribution of the samples, its
median and inter-quartile range are much more telling that the averages, especially if we are interested in
real time behavior or in comparing performance of a particular middleware implementation on different
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platforms. Therefore, in addition to average, minimal, and maximal values, our framework also collects
individual samplesfor a selected thread of execution.

In our framework, the execution of a benchmark progresses through several stages and the amount of time
required for a single benchmark run depends on the time spent in the execution of individual stages. The
first stage is warm up, the second is collection of resource usage data both on the client and on the server,
the third is collection of individual samples from a selected thread of execution, and the third is collection
of averaged data.

To avoid interference caused by just-in-time compilation, disk cache flushes, stabilization of adaptive
resource alocation agorithms and other phenomena accompanying application start up, the framework
throws away data from the warm up stage, afixed timeinterval at the beginning of the measurement.

Automated adjustment of benchmark execution time

With the exception of thethird stage, all stages have afixed executiontime. The execution time of third stage
is determined by afixed number of individual samplesto be collected and the complexity of the measured
action. As such, its duration is not really known in advance and has a major impact on the total execution
time of a single benchmark.

The execution times of individual stages and the number of samples to collect in the third stage have been
chosen conservatively, so that we collect more than enough samples to obtain accurate data for further
processing. Some of the values (such as the duration of the warm up stage) are probably very pessimistic,
resulting in longer execution times than necessary. On the other hand, we prefer accurate data (and longer
execution) to inaccurate data. Currently, the amount of data gathered from execution of the complete
regression benchmark suite ranks in the order of gigabytes and its running time is measured in days or
weeks.

Such running times are not so disastrous for a one-time extensive performance evauation of particular
middleware implementation, but are hardly acceptable for day-to-day measurements, which are of interest
to the developers. To reduce the running time of the benchmark, it is necessary to be able to correctly
determine the appropriate duration of the fixed-length stages as well as control the amount of data gathered
in the variable-length stage without compromising the credibility of the data

We expect to be able to control the execution time of the variable-length stage by specifying the required
accuracy of the collected data. By being able to collect the right amount of individual samplesto satisfy the
accuracy requirement, we could control the execution time of the most unpredictable (in terms of execution
time) stage of the benchmark, which would in turn produce significant savingsin the overall executiontime.
As a bonus, we would need to collect and process less data. Besides determining the number of samples
that need to be collected, we would like the framework to be also able to determine the appropriate length
of thewarm up stage.

Depending on the type of an individual benchmark, the observed values can be modeled by response
variable with a single constant or variable factor and arandom error. Thisfact led usto evaluate application
of statistical methods to process the data and for estimation/control of benchmark timing parameters.
Assuming that we can find appropriate statistical methods to estimate the length of the warm up stage and
the number of samples required for the specified accuracy of the data, there is one more issue: outliers.

Theobserved datawill contain outliers caused by unpredictable and hardly avoidableevents, such as process
rescheduling and other phenomena caused by the operating system interference. Such outliers should not
be hidden from the developer so that it is possible to observe the real behavior of the middleware on a
particular platform. On the other hand, the outliers will be potentially harmful for statistical methods that
make use of variance o2 or sample variance s2, both of which are very sensitive to extreme values in
the population sample. We therefore need a mechanism to detect the outliers and exclude them from the
benchmark parameter estimation/control process.
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Potentially applicable statistical methods

The following section presents an overview of the statistical methods we consider suitable for solving the
i ssues mentioned in the description of the sample collection mechanism above, along with ashort description
of expected application and planned experiments. Most of the methods come from the area of sequential
statistical analysis, which is quite popular scientific discipline with many contributions from the area of
discrete-event smulations.

Whether we can really benefit from the research done in that areais still subject to future work though,
mainly to confirm that certain approaches used in discrete-event smulations can be used for middieware
benchmarking. The values observed by the benchmark can be considered random, but except for a few
specific cases, we cannot make any assumptions about the distribution of those values. The results from
the simulation community mostly apply to stationary processes, i.e. processes whose mean, variance and
autocorrelation structure do not change over time.

e Outlier detection and removal

We plan to use outlier detection methods to identify and hide outliers from the sequential estimation
methods that operate with sample variance s2.

— A simplemethod that can be used to detect outliersisthe application of the Chebychev inequality
and sample mean absol ute deviation as an estimator of population standard deviation. Given the
nature of outliersin our case, this method may be too pessimistic even for our purposes and
throw away valid data points.

— More complex procedure to identify the outliers is based on the analysis of the distance to an
exampl€e's nearest neighbours. Knorr [13] defines distance based outlier as follows: An object
O inadataset T isa DB(p, D) — outlier if at least fraction p of the objectsin T lies farther
than distance D from O. We either need to find the right values of the p and D parameters
empirically, or find away to determine them automatically for the method to give usthe desired
results.

¢ Quantile and histogram estimation

We may want to evaluate using methods for quantile and histogram estimation instead of the methods
for sequential mean estimation to determine the appropriate number of samples for predefined accu-
racy. Such methods should be considerably |ess susceptible to enormous deviations caused by the the
presence of outliers.

— A simplemethod for obtaining confidenceinterval for apopulation quantileisto usethe standard
non-parametric estimation based on the order statistics. While this methods may be sufficient
for our purposes, we may also need to evaluate and experiment with other methods.

— In [14] the authors discuss an implementation of a sequential procedure for constructing pro-
portional half-width confidence intervals for simulation estimator of the steady-state quantiles
and a histogram of stochastic processes.

— Chen [15] describes an implementation of a two-stage procedure for constructing confidence
intervals for a simulation estimator of the steady-state quantiles of stochastic processes. The
algorithm dynamically increases the sample size so that the quantile estimates satisfy the pro-
portional precision at the first phase and the relative or absolute precision at the second phase.

o \Warm up stage length estimation

This is a non-trivia task to solve automatically and we will probably have to use an empirical
method with a mechanism for platform dependent parametrization. There is a number of methods
for estimation of the length of the warm up stage in the simulation area, ranging from graphical
methods, through heuristic approaches and statistic methods to various hybrid methods. Contrary to
our case though, the problemiswell definedinthe area of discrete-efvent smulationsin that it usually
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estimates the length of warm up stage of a stochastic process, which can be formally described and
parametrized. For our purposes, would like to estimate the time necessary to filter out phenomena
accompanying an execution of a program in an operating system, i.e. priming of processor caches,
disk cache flushes, just in time compilation, all of which is rather hard to formalize.

o Required number of samples estimation

The basic ideais to specify the relative precision of the mean and determine the number of samples
needed to ensure that the mean will be within the confidenceinterval with probability (1 —«), a being
the significancelevel. Unfortunately, the straightforward two-stage procedure suggested by Stein[16]
cannot be used, because the observed values do not have the normal distribution.

Assuming that therandom error component of the observed valuescomesfrom an arbitrary distribution
with amean value p and afinite variance o2, according to the central limit theorem we can assume
the sample mean to have approximately normal distribution with the same parameters as the original
distribution. Therefore we may very well group the observed values, compute the sample means for
individual groups and thus obtain a sequence of sample means, which isin fact a sequence of random
variables having anormal distribution. This assumption is also used in a class of sequential methods
called batch means procedures. These procedures use the grand mean of batch means as the estimator
of the mean value of the population distribution. Confidence interval is then computed using the
sample variance s? of the batch means and quantiles of Student’s ¢-distribution.

— Nakayama[17] describes amodification of Stein’stwo-stage procedurefor use with the method
of batch means. Thisis the primary method of interest for determining the minimal number of
samples, but our preliminary testing shows that in presence of extreme outliers, which is our
case as mentioned above, the estimation requires too many samplesto be practical.

Combined with removal of the extreme outliers the method producesfairly practical results, the
remaining problem being the removal of outliers itself. In future work, we intend to focus on
determining sound and defensible rules for removing outliers in order to obtain useful results
from the sequential analysis process.

— Hlavka [18] describes a three-stage procedure, which improves the asymptotic behavior of
Stein’s two-stage procedure by adding an additional sampling stage. Since this method cannot
be used directly for the same reasons as the original Stein’s two-stage method, we may want to
determine whether it is possible to modify this method for use with the method of batch means.
If the modification is possible, the method may give better results than the two-stage procedure
described by Nakayama.

— Steiger [19] summarizes the results of an extensive experimental performance evaluation of

selected batch means procedures called ABATCH, LBATCH and ASAP. These methods are
iterative and their operation may depend on the results of additional tests performed on the
sequence of batch means, such as von Neumann test for independence or Shapiro-Wilk test for
multivariate normality.
This is the case of the ASAP method [20], which can adaptively change the batch size and the
number of batches in response to the results of the additional tests. While the application of
such methods seems attractive, we would prefer to achieve our goals using smpler (and less
computationally intensive) methods so that we do not disturb the measurement by additional
load caused by complex computations. We plan to evaluate the iterative methods in case the
simpler methodsfail.

3.3. Result Processing M echanism

The amount and the nature of the data collected from the execution of the whole benchmark suite practically
rule out any form of human processing of the collected data. To solveissue (3) mentioned above, automation
isamust to reduce the amount of datato alevel manageable by humans.

Automated processing and evaluation of the results
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Even if we have optimal estimate of the number of samples that need to be collected in the variable-length
stage of the benchmark, we still haveto process significant amount of data. Currently, our framework isable
to automatically generate HTML reports with dozens of images, which are much more suitable for human
inspection than the raw data. The automatic evaluation of resultsis|eft asatopic for future work, wherewe
expect to be able to detect anomaliesin comparison with previous runs of the benchmark.

4. Conclusion

We have provided an overview of the state of the art in middleware benchmarking, which we have extended
with the regression benchmarking approach. To do so, we have pointed out some of the major outstanding
issues related to regression benchmarking and sketched the course in which we plan to addressthe issuesin
our future work.

To our best knowledge, we are not aware of related work comparable to our approach. Of course, thereis
a large number of various benchmarking projects for CORBA and EJB middleware, but none of them is
currently comparable to our work either in the methodology used for conducting the measurements, or in
the test coveragein case of CORBA benchmarking.

Inthenear future, we plan to perform practical experimentsusing statistical methodsto estimate the minimal
number of samplesrequired to satisfy a predefined accuracy, methodsfor determining the appropriatelength
of the warm up stage as well as methodsfor detecting outliersin the population sample. Optional prototype
results will be available at our website at http://nenya.ms.mff.cuni.cz.
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Abstract

A connector is a first-class entity representing communication between components. It usualy en-
capsulates several tasks (e.g. marshaling, unmarshaling, synchronization, logging, etc.). In this paper
we follow a work done on connectors in our group and show how to automatically select a ” connector
configuration” based on designer’s decision (communication style and non-functional properties).

1. Introduction

Connectorsemerged recently in component-based systems asafirst-class entity representing communication
between components. They encapsulate all communication related tasks (e.g. marshaling, unmarshaling,
synchronization, logging, adaptation, etc.) allowing componentsto contain only abusinesslogic. Thisleads
to two main benefits: (1) components are easier to develop, and (2) moving communication related code to
connectors, components are middleware independent (i.e. they can use e.g. RMI [1], CORBA [2], SunRPC
[3], etc. without a change).

Communication related tasks contained in connectors code are ailmost always the same. They comprise
marshaling, unmarshaling, synchronization, etc. Theonly actual differencebetween two connectorsinstances
is that they mediate different type of data and that they can utilize different middleware. Thus, we believe
that stating basic connectors properties [4] (communication style and non-functional properties) we can
generate connectors code automatically with respect to target platforms (deployment docks).

2. Background and goal of the paper
In this paper isthe continuation of the work done on connectorsin our group [5], which presentsaconnector

model where a connector is build (similar to components) from smaller parts called elements (see Figure 1).
The elements can be compound (composed of other elements) or primitive (directly coded in aprogramming
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language). The composition of elements forming a connector or a compound element is called connector
resp. element architecture. Unlike components, connector elements (both compound and primitive) have
generic interfaces, which are fixed, with respect to components being interconnected, only in one of the
later phases of connector generation. (This processis called element adaptation.)

d/recv

sen

cRole  stub

skeleto sRole

. b) stub architecture  c) skeleton architecture
a) connector architecture

Figure 1. Example of aprocedure call architecture

Basically the process of connector generation comprises several steps as depicted on Figure 2 (connector
refinement tree). On the top (in the root of the tree) there is a designer’s rough decision what a connector
"should do”. It is expressed in form of selection of a communication style (procedure call, messaging,
streaming, blackboard) and non-functional properties [4]. The non-functional properties (NFPs) describe
connector’s behavior non-visible to attached components such as distribution, logging, etc.

Inthe second step an appropriate connector architectureisselected with respect to the prescribed communi ca-
tion style and NFPs. Obviously there can be several architecturesimplementing a particular communication
style varying in a set of supported NFPs. (There can be e.g. a procedure call architecture with stubs and
skeletons allowing for distribution, as well as an architecture without stubs and skeletons which would be
faster but would allow only for calls within one address space.)

Inthethird step an implementation element is chosen for each element. Again, one element can have several
possible implementations depending on values of NFPs (e.g. CORBA-based stubs and skeletons support
the distribution property with value’ CORBA’, RMI-based stubs and skeletons support it with value’'RM1’,
etc.). If acompound element is chosen for an element implementation, this step is recursively applied on its
contents.

In the fourth step, generic roles on a connector are fixed (with respect to the attached components) and the
interfaces are propagated inside the connector causing generic interfaces on elements’ portsto be fixed too
(aka element adaptation).

As the result of the fourth step, a complete connector configuration is obtained specifying a connector
architecture, element implementations and fixing all generic interfaces. Now the connector generation is
completed by adapting used element implementations to the interfaces prescribed by the fourth step. The
connector is eventually created at runtime by instantiating single adapted element implementations and
connecting them according to the connector architecture.

I'n our recent work we described how to perform thelast step (element adaptation) [6] and how toinstantiatea
connector; provided that acompl ete connector configurationisspecified. However, the path from adesigner’s
decision (on the top) down to a complete connector configuration is difficult, requiring deep knowledge of
al target platforms, available elements’ implementations, etc. Thus, to simplify the connectors usage we
need to perform the several steps automatically.

The goal of this paper is therefore to show how to perform the steps resulting into a complete connector
configuration automatically.
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Figure 2: Connector refinement tree
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3. Selecting a connector configuration

In this section we describe how to sel ect acompl ete connector configuration based on requested communica-
tion style and NFPs. Having presented the refinement tree in the previous section, the problem of connector
generation isreduced to finding a path in the tree from the top layer (designer’sdecision) to the bottom layer
(complete connector configuration). Obviously, not all nodesin the tree are correct with respect to requested
communication style and NFPs. However, these are not the only problems which can occur. Basically we
recognize three basic kinds of inconsistencies:

1. Composition inconsistency. Selected element implementations are mutually incompatible (e.g.
CORBA-based stub with RMI-based skeleton).

2. NFP inconsistency. A connector does not comply with al requested NFPs.

3. Environment inconsistency. An element implementation is incompatible with a target platform (e.g.
necessary libraries are missing).

In therest of the section we present logical predicates which assure that a particular inconsistency does not
occur. Having these rules, a path in the refinement tree leading to a correct connector configuration can be
obtained using backtracking.

3.1. Composition inconsistency

Composition consistency is checked by matching "types’ on adjacent element ports. For smplicity reason,
we show this on an example. Let us suppose the request manager element, which breaks a call into a
sequence of arequest and a response (see Figure 1). This element defines four ports (call, mashall, lineln,
lineOut) used to bind to neighboring elements. In ADL notation [6] thisis defined in the following way:

el ement franme Request Manager {
provi des: call;
requires: marshall;
provi des: lineln;
requires: |ineQut;

We enrich every element implementation of arequest manager by arelation between interfaces on its ports.
In our exampleit will look thisway:

Inmarshau = marshall(Protocol, L.qy)
Ljineout = request(Protocol, I.qy)
Tjinern = response(Protocol, I.q;;)

The variable Lyarshairy Icall, €tC. represent interfaces assigned to a particular port, the local variable
Protocol representscommunication protocol (e.g.’ SUNRPC'), andtermsmarshall, request and response
denote a parametrized interface (e.g. marshall (Protocol, I.q;;) would contain methods pack and unpack
which serialize methods from I.,;; using external data representations defined by Protocol). It isimportant
to note that in our approach the word 'interface’ does not indicate only a set of methods but denotes a use
case and expected behavior aswell.

Having associated every element implementation with such relation over ports, we state predicatesthat arise
with every inter-element binding (both local and remote).
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local bindi ng: IElemlPort = IElem2Port
remote binding:  transport_compatible bind(Igiemiport; IEiemaport)

The variables Igjem1pore @A Igemapor: denote interfaces on the interconnected ports. The predicate
transport_compatible_bind is defined with respect to available middleware. In our case, e.g.:

Ftransport_compatible bind_SunRPC(
udp(request('SunRPC", I.qan), response(' SunRPC', I.q11)),
udp(response(' SunRPC', 1.4y, request(' SunRC P’ I.q4;1)))

Ftransport_compatible bind(Igiemiport, LEIemaPort) <—
transport_compatible bind_SunRPC (Igiem1Port, LEIem2Port) V
transport_compatible bind_RM I(Igiem1 Port; IEiem2Port) V

where udp(In, Out) denotes UDP-based communication.

Astheresult of element binding we get a relation between connector roles (component attachment points).
A connector isthen composition consistent if al port interfacerelation and binding predicates present in the
connector configuration hold and interfaces of attached componentsare substituable to respective connector
roles.

3.2. NFPinconsistency

NFP inconsistency is checked over a complete connector configuration. For each NFP a predicate exists
that tests whether a given configuration satisfies a particular NFP value. These predicates are constructed
using lower level predicates able to test NFP consistency for a particular element and architecture.

Let us clarify this approach on the example in Figure 1. There exists a predicate for testing the distribution
property in the used connector architecture. It takes the following form:

Fn fp-mapping distrib_RPCImpl('distribution’, NF PValue, ConConfig) +—
(con_arch_name(ConConfig,' RemoteProcCallImpl') A
coneglem(ConConfig,' Stub') A
nfpmapping('distribution’, NF PV alue, StubElemCon fig))

Thispredicateyieldstrueif aconnector isconstructed using aparticular architecture (' RemoteProcCallimpl’)
and delegates decision about the value of the distribution property to an implementation of the stub element.
All stub element implementations are then associated with similar predicates, e.g.:

Fn fp-mapping_distrib_RM I StubImpl('distribution’, RMI',ConConfig) +—
congrchp,ame(ConConfig, RMIStubImpl')

The stub element implementations define the value directly (' RMI’” in our example) or delegate the decision
to the marshaller element (in case of a compound stub).

All predicatesfor testing NFPs arefinally put together to form one composed predicate used to test arbitrary
NFP regardless which architecture and element implementati ons were sel ected:

Fnfp-mapping(NFPName, NFPVal, ConCon fig) <—
nfp-mapping_distrib_RPCImpl(NFPName, NFPVal,ConConfig) A
n fp_mapping_distrib_RM I StubImpl(N FPName, NFPVal,ConConfig) A

-y
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3.3. Environment inconsistency

In order to exclude element implementations which would not run propertly on atarget platform, we enrich
their definition by a set of environment requirementsthat have to be satisfied by atarget platform. For the
time being, we use for the requirement specification a simple set of key-value pairs (such as ' SUNRPC’
= '2"). Every deployment dock declares its provisions in form of key-value pairs too. The environment
consistency is then assured if for each element implementation used in a connector holds that its set of
environment requirementsis a subset of provisions of a deployment dock where the element is going to be
instantiated. This approach is very simplistic though, not allowing to express complex requirements. Thus,
in future work we plan to enhance the mode by a more sophisticated regquirement specification.

4. Evaluation and related work

To our knowledgethereisno related work addressing the connector generationin thisacomplexity. Basically
three areas of our work are also discussed elsawhere:

1. Connector model. There is a few component models supporting connectors. To the most important
belong C2[7], Acme[8], and Unicon[9]. These modelslack several featuresthoughwhich werequire
from a decent connector modeli [10]. In C2 components communicateviaan 'inteligent’ bus capable
of messagefiltering, but not supporting any other types of connectors. Acme on the other hand allows
for fully user-defined connectors, however, as atool for prototyping and reasoning about component
systems, it does not deal with implementation and NFPs. Finally, Unicon provides several types of
connectors (namely Pipe, FilelO, ProcedureCall, RemoteProcedureCall, DataAccess, RT Scheduler
and PLBundler), but it does not support different middleware.

2. Reflecting NFPs in connectors. Similar to our work is reflective middleware by Blair, et a. [11].
They construct connectors also from smaller parts each part implementing a dedicated connector
functionality. However, as their primary aim is middleware for streaming multimedia, they address
problemsrelated to QoS such as performance monitoring, dynamic adaptation, etc. On the other hand,
in our work we try to address interoperability between different platforms (and middleware).

3. automatic connector adaptation. Very similar to our element adaptation (performed as a final step
during connector generation) is generation of stubs and skeleton in CORBA and RMI. In fact, the
element adaptation (in case of stubs and skeletons) often relies on IDL- or RMI-compiler shipped
with respective middieware. However, our connectorsare not bound to only one specific middleware.
Moreover they provide some additional services (e.g. logging, synchronization, etc.).

This paper deals mainly with automation of connector generation. Thanksto the automation, we can specify
only rough requirements (i.e. communication style and NFPs) and let the generator construct a connector
that satisfies them with respect to provisions of target platforms (operating system, installed libraries,
middleware, etc.) This, probably the most important feature of our connector model, is to our knowledge
not discussed anywhere el se.

5. Summary and futurework

Inthispaper weproposed away to automaticaly sel ect aconnector configurationwith respect to requirements
specified in form of communication style and NFPs. Our approach uses backtracking to traverse a tree of
possible connector configurations. A correct and suitable configuration is chosen using three kinds of
rules checking that: (1) element implementations a connector will consists of are mutually compatible
(composition consistency), (2) the connector will implement all request NFPs (NFP consistency), and (3)
the element implementationswill be able to run on atarget platform (environment consistency).

Thenear futurework comprisesfurther elaboration ontherules, mainly therulesfor environment consi stency,
which being currently very trivial do not allow for complex requirements.
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Abstract

Among all many-vaued logics the Lukasiewicz logic plays a fundamental role. However expressive
power of this logic is restricted to piecewise linear functions. In this paper we enrich the language of
Lukasiewicz logic by adding a new connective which expresses multiplication. The resulting logic PL is
defined and developed. We aso deal with severa extensions of this logic. At the end of the paper, the
predicate version of PL logic isintroduced and devel oped.

The following text is the introduction from the upcoming paper [5].

Lukasiewiczlogic[7, 6] isindeed one of the most important logicsfrom the broad family of the many-valued
logics. Its corresponding algebraic structures of truth values - MV-algebras - are well-known and deeply
studied. Mundici’s famous result [1] established an important correspondence between MV-agebra and
Abelian [-groups with strong unit. There is an obvious question if there is a logic, whose corresponding
algebras of truth values are in analogous correspondence with /-rings.

There are several papers dealing with so-called product MV-algebras. Fundamental to our aims are Mon-
tagna's papers [8, 9, 11], there is also one paper by Di Nola and Dvurefenskij [3]. Product MV-algebra
(PMV-algebrafor short) is an MV-algebraenriched by product operation in such a way that it corresponds
to f-ring with strong unit. In [8], Montagna proved subdirect representation theorem for PMV-algebras
and established a correspondence between linearly ordered f-rings with strong unit and linearly ordered
PMV-algebras. Later in [9], he introduced PMV 4 -algebras (PMV-algebras enriched by 0-1 projector A)
and proved categorical equivalence between PMV 4 -algebras and certain extension of f-rings (so-called
0-f-rings). Finally in [11], it was shown by Montagna and Panti that the variety of PMV -algebras is
generated by the standard PMV 4 -algebra (over the real unit interval).

Recently in upcoming paper [10], Montagna introduced a quasi-variety PMV* containing only those
PMV-algebras without non-trivial zero-divisorsand showed that this quasi-variety is generated by standard
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LTI RPPL A=RPPL’,

\ /

RLII

Figure1: Relations between studied logics.

PMV-algebra (over thereal unit interval).

However so far thereis no logic corresponding to above mentioned algebras. The main aim of this paper is
to define and develop such alogic. Our logic, which corresponds to the PMV-algebras, is called PL logic.
Further we introduce PL' logic corresponding to the algebras from PMV+. We also study extensions of PL
and PL’ logics by Baaz's A so-called PL o and PL', . The algebras of truth values of PL', logic correspond
to PMV 4 -algebras. This, together with thefact that there are also several other different algebraic structures
called PMV-algebras, isthe reason why we denotethe algebrasof truth values correspondingto PL logic PL-
algebras. Analogously we denote the algebras correspondingto PL’, PL o, and PL', logicsby PL'-algebras,
PL A-algebras, and PL', -algebras, respectively.

We use the above mentioned algebraic results to obtain completeness for al of these logics, standard
completenessfor PL’ and PL', logic. Further we show the example of PL-algebraproving that PL logicis
not standard complete. Then we show arelation of our logics with well-know logic LII, which was defined
in [4]. Roughly speaking thelogic LII is the extension of PL’ by product residuum.

Furthermore we extend these logics by rational constants in the same way as the Rational Pavelka's logic
(RPL) extends Lukasiewicz logic (see [13], [12], and [6, Section 3.3]). We obtain RPPL, RPPL', RPPL A,
and RPPL’, logics. We prove Pavelka-style completeness of these logics and show that the logics RPPL A
and RPPL’, coincide. Further we prove standard completeness of RPPL o and show the relation of these
logics with RLII (the extension of LII by rational constants; see [4]) and RPL (Rational PavelkaLogic).

Then we investigate the predicate versions of al logics mentioned above with the exception of PL' (the
problemisthat we can prove only the completeness of thislogic w.r.t. all PL’-algebrasbut we are not ableto
proveit w.r.t. linearly ordered PL'-algebras; thus we leave this problem open). We prove completeness for
PLV, PLAY and PL', V; Pavelka style completeness for RPPLY, RPPL AV and even standard completeness
for RPPL AV. Then we deal with arithmetical complexity of the set of tautologies for these logics which
gives us that the logics PLY, PLAY and PL', V¥ does not have the standard completeness property. Finally
we show arelation of these logics with predicate version of LTI, RLII (which were introduced in [2]) and
the famous and important logic of Takeuti and Titani [14].

All investigated propositional logicslie between Lukasiewicz logic and RLII logic[2, 4]. Relations between
them are depicted in Figure 2.
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Abstract

The paper presents the abstract of Ph.D. thesis | finished this year. Readers interested in the topic of
it arereferred directly to the author davi d. couf al @s. cas. cz to obtain thethesisin the printed or
electronic form.

The Ph.D. thesis dealswith radial implicative fuzzy inference systems. Implicative fuzzy inference systems
(I-FISs) are the fuzzy inference systems having their rules represented by genuine fuzzy implications, not
by fuzzy conjunctions. Radia implicative fuzzy inference systems (radial |I-FISs) are I-FISs exhibiting the
radial property, i.e., having antecedents and succedents of their rules represented by aradial basis function.

Main theoretical resultsof thethesisarerelated to the building of radial I-FISson the basis of agivent-norm
and to the study of some of their properties such as coherency, redundancy and the universal approximation

property.

By the theoretical resultsit is shown how to specify shapes of fuzzy sets employed in an I-FISto it retains
the radial property with respect to an a priori chosen Archimedean ¢-norm (used for the specification of
antecedents of |-FIS'srules). Theradial property enables to specify a computationally very easy algorithm
for testing the coherency of a system, i.e., for testing the non-emptiness of output of a system with respect
to an arbitrary input. The radiality also enables to specify an algorithm for detection of redundant rules of
a system which are unimportant for its computation. Finally, it is shown that radia |-FISs are universal
approximators, i.e., that they are able to approximate any continuous function to a given degree. Moreover,
it is shown that they are even able to approximate two such functions employing the same number of
parameters.

The thesis are accompanied by results related to a practical application of the theoretical considerations.
There are presented algorithms for structure and parameter learning of radial 1-FISs based on well known
algorithmsof fuzzy clustering and non-linear least squares optimization. These algorithms areimplemented
in the MATLAB language and its application is demonstrated on several examplesin experimental part.
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Abstrakt

Clanek shrnuje zakladni poznatky o strukturovanych neuronovych sitich s prepinacimi jednotkami,
které predstavuji zobecnéni plivodniho modelu linearniho fetézce. Jeho hlavnim cilem je predstavit zplisob
reprezentace obecné architektury strukturované neuronové sité. Nalezeni vhodné reprezentace je totiz
nezbytné pro naslednou optimalizaci architektury neuronovych siti pomoci genetického algoritmu.

1. Uvod

Nasim cilem je nalézt tfidu neuronovych siti, v ramci niz by bylo mozné optimalizovat architekturu siti
tak, aby co nejlépe FeSila konkrétni problém separace mnozin. S ohledem na charakter Glohy jsme jako
optimalizaCni néstroj zvolili geneticky algoritmus. Jeho pouziti je podminéno moznosti rychlého nauceni
a ohodnoceni kvality neuronovych siti a existenci dostatecné obecné reprezentace architektury neuronové
sité.

Zejména kvlli rychlosti u€eni jsme vy8i z modelu linearniho Fetézce s prepinacimi jednotkami poprvé
popsaného v [BSK95] vyuZivajiciho k optimalizaci svych parametrll linearni regresi, ktera je podstatné
rychlgj§i nez bézné pouZzivané gradientni metody. Vzhledem k velkému vyznamu tohoto modelu je pojem
lineérniho fetézce formané zaveden, a to vEetné rozsifeni o takzvané korekeni jendotky, v Casti 2.1. NaSe
experimenty ukazaly, Ze linearni fetézce jsou sice relativné siiné nastroje pro feSeni riiznych problémtl, ale
bohuzel v kontextu s genetickou optimalizaci nepfedstavuji dostatecné Sirokou tfidu siti.

Bylo tedy nutnédalsi zobecnéni. Tim jsou takzvané strukturované neuronovésité (SNS). Zakladni mySenka
SNS spotiva v propojeni vice linearnich Fetézcli a jinych elementarnich neuronovych siti. Vysledna neu-
ronovasit jetedy strukturovanado blokd, které sami o sobé predstavuji neuronoveésité. V priibéhu genetické
optimalizace je pak moZné optimalizovat zvla& propojeni jednotlivych blokl ajejich vlastnosti. Aby vak
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bylo mozné efektivné vyuzit strukturované topologie bylo nutné zavést jeji vhodnou reprezentaci. Jako
nevyhovujici se ukazala adjacencni matice. Ta totiz neumoziuje ef ektivné manipulovat se substrukturami
sité apfi generovani acyklickych orientovanych graf{l je navic nutnékontrolovat, jestli dana matice skutecné
reprezentuje acyklicky graf. Rozhodli jsme se proto pro takzvané celularni kbdovani (viz [Gruau94]), které
jsme dalerozsiFili o dal§i parametry aimplementovali pomoci zobecnénych readovych kodi (viz [Read72]).
Popisem SNS ajgich reprezentaci se podrobné zabyva cast 3.1. Nekteré priklady netrivianich architektur,
jegjich vlastnosti avazby na Readovy kody jsou pak prezentovany v casti 4.

2. Linearni Fetézec s prepinacimi a korekénimi jednotkami

K tomu, abychom kompletné popsali libovolnou neuronovou sit, musime popsat neurony, z kterych se sit
sklada, jejich vzaemné propojeni, neboli topologii sité, a neposedni fade jeji dynamiku, ktera definuje
akci neuronu na libovolny vstup a zplisob uceni sité. V nasledujicim textu budeme rovnéz pouZivat pojem
architektura neuronoveésitg, kterym oznatujeme souhrnny popisvlastnosti jednotlivych neuronti atopologie
sité.

2.1. Neuron sprepinaci jednotkou

V souladu s (ivodni poznamkou zatneme nejprve popisem jednotlivych neurond, pfitemz vyjdeme z nasle-
dujici definice obecného neuronu.

Definice 1 Necht'jsoudanacisan,m,l € N, ktera udavaji dimenz vstupu, vystupu a parametru neuronu.
Déle necht je dana funkce F : R — T(R™, R™), kterou nazveme typ neuronu a parametr p € Dom (F),
jehoz obraz F(p) definuje pfechodovou funkci neuronu. Usporadanou dvojici [F, p] nazveme neuron. Akce
neuronu na libovolny vstup z € R™ je dana predpissm R™ 5 y := [F' (p)] (z).

Kazdy neuron tedy predstavuje jistou parametrickou funkci zobrazujici vstupy neuronu na jeho vystupy.
Akce neuronu je danajednak jeho typem ajednak konkrétni hodnotou parametru. Pfi popisu sité vaak staci
definovat typ neuronu, nebot ten definuje chovani neuronu pro libovolnou hodnotu parametru. Na zakladé
s predchozi definice jiz mlizeme formalné zavést neuron s prepinaci jednotkou.

Definice 2 Necht' je dano:

e Cidan, m,I,s, k € N, kterd udavaji vstupni a vystupni dimenz neuronu, dimenzi parametrl
vypoCetnich jednotek, dimenz parametrt jednotlivych klastril a podet klastrii (respektive viypotetnich
jednotek),

e funkce S : (R*)F — (2R")k takova, Ze pro vechna p. € Dom (S) je {S* (p.), ..., S¥ (pc)}
digunktni pokryti R™, ktera se nazyva typ prepinaci jednotky,

e funkce F : R! — T(R™, R™), kterou nazveme typ vypocetni jednotky.

Dale necht' je pro véechnap € P := Dom(S) x (Dom(F’))k . = (pe,p1,---,pk) definovana funkce
F:P — T(R™,R™) predpisem:

5]

k
[F (p)] (z) = ZxSi (ve) (@) [F (p)] (2)

anecht' p € P. Potom uspofadanou dvajici [ F, p] nazveme neuronem s prepinaci jednotkou a k klastry.

Kazdy neuron s pfepinaci jednotkou se tedy skladaz jedné prepinaci jednotky ajedné nebo vice vypocetnich
jednotek (viz obr. 1). Kazda vypocetni jednotka predstavuje “klasicky” neuron, zatimco pojmem prepinaci
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jednotkaoznaujeme* zafizeni”, které distribuuje vstupy mezi jednotlivé vypocetni jednotky. Prepinaci jed-
notkatotiz definujedisjunktni rozklad vstupniho prostoruavyraz x s:(,. (), ktery vystupujev predchazejici
definici 2, zaruCuje, Ze se na zpracovani daného vstupu z podili pouze jeding, i-ta vypocetni jednotka neu-
ronu s prepinaci jednotkou. Timto se neuronové sité s prepinacimi jednotkami podobaji rozhodovacim
stromlim. Z definice rovnéz vyplyva, Ze typ neuronu s prepinaci jednotkou je popsan jednak typem prepi-
naci jednotky (S ) ajednak typem a poctem vypocetnich jednotek (F', k ), pfitemz v nami uvazovanych
modelech predpokladame, ze vsechny vypocetni jednotky jednoho neuronu maji stejny typ (lisi se pouze
jejich parametry, jinak by bylo nutné uvazovat misto jediné funkce F sytém k funkci Fi, ..., Fy).

Typ neuronu s prepinaci jednotkou, ktery je pouZit v linearnim fetézci miizeme popsat nasledovné. Pred-
pokladejme, Ze vstupem neuronu miize byt libovolny vektor z R™. Nasledujici vztah definuje typ prepinaci
jednotky S| | sk klastry:
1= min {
q=1,....,k

kdep, € R*. Typ vypocetni jednotky pak pro kazdep € R™*! definuje rovnost
[Fr (p)] (z) := (p'at,p?a?, ..., p e, p") , Vo € R™. (2

Z geometrického hlediskasi 1ze funkci vy3e definovaného typu neuronu Fr, (.) predstavit tak, ze prepinaci
jednotka nejprve rozdéli vstupni prostor na nékolik pasti (resp. nanékolik pasti a dvé poloroviny, v pripadé
dimenze 2). Nasledné vektor parametrii prisludné vypocetni jednotky definuje pro kazdy takovy pas nadrov-
inusrovnici W = p"tt + 3" | x'p? = 0, kteratento pasdale déli na“kladnou” a“zapornou” €ast. Vystup
neuronu je pak kladny praveé kdyz vstup lezi v kladné €asti odpovidajiciho klastru.

S‘i“(pc) = {x eR”

Pokud je (kolem sité separovat dvé mnoZiny, jsou béhem uceni sité nastavovany parametry neurontl tak,
aby do “kladnych” €asti klastrli mapovaly prvky z jedné mnoZiny a do “zapornych” prvky patfici do
druhé mnoziny. V kazdém okamziku Ize tedy na z&kladé znaménka souctu slozek vystupu rozhodnout, do
které z mnoZzin by dany neuron zafadil dany vstup. Tento fakt je velice dlileZity v kontextu s korekénimi
jednotkami.

Ukolem korekénich jednotek je odstranéni nezadouciho efektu plynouciho z pFitomnosti prepinacich jed-
notek v neuronove siti. Pfedstavme si napfiklad, Ze chceme separovat dvé mnoziny, nazvéme je signa
a pozadi. Z definice 2 vyplyva ze, neuron s prepinaci jednotkou Ize povaZzovat za neuron s po Castech
definovanou pfechodovou funkci (v pfipadé linearniho fetézce se jedna o po Castech linearni funkci). Takto
definovana prechodova funkce viak nemusi byt prosta a proto se miize velice snadno stét, Ze jista oblast
signalu odpovidajici nékterému z klastriije mapovanado stejné obl asti, jako obl ast pozadi prisludejici jinemu
klastru. Toto “prekryti” signalu a pozadi brani daldi separaci prekryvajicich se oblasti. Cilem korekénich
jednotek je uchovat informaci neuronu (resp. Casti sité) o separaci signalu a pozadi a zaroven transformovat
data tak, aby je bylo moZné dale separovat. Budeme-li pfedpokladat, Ze plivodni data jsou separovatelna a
jsou jsou &asti krychle (—1,1)", stafi napfiklad posunout vstupy, které neuron oznati jako signal do klad-
ného oktantu a ostatni (pozadi) naopak do zaporného. Pfesngji zavadi pojem korekéni jednotky nas edujici
definice.

Definice 3 Necht'n = n; +n» jedimenzevstupu korekéni jednotky anecht'nq, ns > 0. Potomprolibovolné
z € R™ x R™ ap € R™ je akce korekeni jednotky dana pfedpisem

R™ 3 [FC (p)] (.73) = [sgn (i wz)‘| (1’ » 1) n (SE"1+1 - JE"1+"2> ‘

p]. pn2

K této definici poznamengjme je&té, Ze poslednich nsy vstupll predstavuje zpravidla (v lingarnim Fetézci
vzdy) vstupy sité, zatimco prvnich n; vstupll pfedstavuje vystup predchazejicino neuronu. Podrobngi
se vzaiemnym propojenim jednotlivych neuronti budeme zabyvat v nasledujici podsekci, ktera popisuje
topologii linearniho Fetézce a jeho dynamiku.
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2.2. Topologie a dynamika linearniho retézce

Topologii linearniho fetézce s prepinacimi jednotkami (viz [BSK95]) Ize popsat acyklickym orientovanym
grafem (AOG), ktery jecestou (tj. kazdy vrchol svyjimkou prvniho a posedniho mapréavejednoho potomka
a praveé jednoho predka). Kazdy vrchol pak predstavuje jeden neuron s prepinaci jednotkou a libovolnym
poctem klastrd.

O néco komplikovanéjsi je topol ogie linearniho Fetézce s prepinacimi a korekénimi jednotkami. V podstaté
se jedna o nékolik linearnich fetézchl s prepinacimi jednotkami, které jsou mezi sebou propojeny pomoci
korekEnich jednotek a to tak, ze podedni neuron prvniho Fetézce je predek prvni korekéni jednotky a
prvni neuron druhého Fetézce je potomkem této korekéni jednotky. Druha korekéni jednotka pak spojuje
stejnym zplisobem druhy fetézec s tfetim atak déale. Navic do kazdé prepinaci jednotky vede kromé hrany
Z predchazejiciho Fetézce také hrana pfimo ze vstupu sité. Cely Fetézec pak miize byt ukoncen korekéni
jednotkou nebo Fetézcem s pfepinacimi jednotkami (viz obr. 1).

Nyni nam jiz zbyvapopsat pouze dynamiku linearniho fetézce. V zhledem k tomu, Ze se jedna o neuronovou
sit' s acyklickou topologii je prirozeng, ze je signal zpracovavan sekventné smérem od vstupniho neuronu
(odpovida vrcholu, ktery nema zadné predky) pres jeho potomky az po vystupni neuron (nema zadné
potomky).

Uceni linearniho Fetézce probiha anaogicky jako zpracovani konkrétniho vstupu. Rozdil spo€iva pouze
v tom, Ze do daného neuronu je v jeden Casovy okamzik pfivedena cela tréninkova mnozina (respektive
jeii obraz ziskany priichodem siti), na zakladé niZ jsou definitivné nastaveny vechny parametry neuronu
(jak prepinaci jednotky, tak vdech vypocetnich jednotek). Nasledné jsou vSechny vstupy transformovany
jiz naucenym neuronem a predany déle do sité. To znamena, Ze po jednom priichodu uici mnoziny siti je
tato sit nauena. K ueni pfepinacich jednotek se v pfipadeé linearniho fetézce vyuziva Janceyliv klastrovaci
algoritmus zatimco k nastaveni parametrll vypoCetnich jednotek je vyuZivana metoda linearni regrese.
Zbyva nam tedy popsat zplisob uéeni korekénich jednotek. Ale protoZze miizeme bez (jmy na obecnosti
predpokladat, Ze vstupy sité jsou normovany tj. lezi v krychli (—1, 1)™ neni u€eni korekénich jednotek nutné
(parametr Izevalitjako (1,...,1) € R™).

Na zavér této sekce poznamengme, zZe zde prezentovany popis dynamiky linearniho fetézce je spoletny
pro vechny nami uvaZovaneé sité. Li&it se mlize pouze algoritmus pro nastaveni parametrtl jednotlivych
neuronll (tj. misto linearni regrese mtize byt napfiklad pouzita libovolna nelinearni optimalizaéni metoda).

V nésledujicich sekcich budou popsany obecnési dopredné neuronové sité s prepinacimi jednotkami a
zpUisob jejich reprezentce.

[Fe, p2]

[FCr pl]

[F.p]

Obrézek 1. Neuron s prepinaci jednotkou a tfemi vypocetnimi jednotkami (vlevo) atopologie linearniho
fetézce s prepinacimi a korekenimi jednotkami (vpravo).

3. Reprezentace

Topologielinearniho fetézce jejako graf danavelmi konkrétné ajedinym parametrem pfi konstrukci je jeho
délka. NaSi snahou bylo nalézt komplikovangjSi topologie a bylo proto tfeba stanovit, jaké grafy pokladame
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za topologie. Mnozina nami pozadovanych topologii jsou acyklické orientované grafy a to pouze takové
grafy, jejichz véechny uzly maji alespon jednoho rodice a alespon jednoho potomka (vyjma téch, které
povazujeme za vstup a vystup sité).

Definice 4 Acyklickou topologii rozumime acyklicky orientovany graf G = ({IN,OUT} UV, E),V # 0,
takovy, ze existuje orientovana cestaz IN do OUT apro libovolny vrchol 5 € V' existuje orientovana cesta
zINdojacestazj doOUT.

Protoze je mozné a v nékterych situacich vyhodné pracovat namisto s jednotlivymi neurony se skupinami
neurontl — bloky, které jsou dany indukovanymi podgrafy v dané acyklicke topologii, nazyvame neuronove
sité sacyklickymi topol ogiemi strukturované neuronovésité (SNS). Acyklickatopologie, spolecnésdalSimi
pridavnymi parametry jednotlivych neuronti (nejCastgji pocet klastrll pFisludné prepinaci jednotky, speci-
fikace vybéru promeénnych definované v kapitole 4), predstavuje acyklickou architekturu SNS.

P¥i hledani reprezentace architektury SNS a jgji implementace jsme zamérné nevyuzili nativni reprezentace
grafu — adjacencni matice, protoze neumoziuje efektivni ndhodné generovani acyklickych topologii, mod-
ifikace substruktur, apod.. Navic, jednim z cilli vyvoje SNS byla optimalizace procesll hledani submodel i
a klasifikace kvality dat pomoci genetického algoritmu a v tomto ohledu se adjacen¢ni matice ukazaly
rovnéz jako nevyhovuijici. Zavedeni operétorli genetického algoritmu kFizeni, mutace, které jsou vétSinou
definovany jako zamény/zmeény podcasti dvou reprezentaci, je v pripadé adjacencnich matic velmi komp-
likovang, protoze zménou adjacencni matice acyklické topol ogie nemusime obecné znovu ziskat adjacencni
matici odpovidajici acyklické topologii.

3.1. Instrukéni kédy

Druhreprezentace acyklickétopologie, ktery spliuje pfedchozi naroky, je dan narozdil od adjacenni matice
nikoli jako souhrn popisnych informaci o acyklickétopologii, alejako informace o zplisobu j&ji konstrukce.
Jednéa se o celularni kbdovani (CK) zavedené F. Gruauem v préci [Gruau94].

CK je vlastné pos oupnost konstrukénich prikaz, kteraje usporadanatak, aby bylo zigjmé, v jakém poradi
pFi sestavovani topol ogiepostupovat ajakych substruktur se konstrukeni prikazy tykaji. Konstrukéni pfikazy
nazveme instrukcemi. Poradi instrukci je dano pozici v péstovaném stromu?, resp. pofadim uzld, v nichz
jsou instrukce ulozeny, pfi prochéazeni tohoto stromu. ProtoZe je strom zvolen jako péstovany, je pofadi
instrukci dano jednoznagné. Instrukce je mozné kodovat napriklad vhodnym oznaenim vrcholll a tak je
mozné ztotoznit CK s péstovanym stromem, ktery budeme oznaCovat 7.

Konstrukce acyklickétopologie dle CK je zalozena najednoduchém rekurzivnim schématu, jehoz vstupem
je v kazdem kroku konstruovany graf G = (V, E), prisudné CK dané stromem s instrukcemi T a urceni
aktualné zpracovavaného uzlu j € V(9). Postup konstrukce je potom dan nasledujicim algoritmem:

1. je-li kofen T list, pak jiz uzel j nepodiéhadalSim konstrukcim
2. neni-li kofen T list ainstrukce je ‘P, pak je uzel j zdvojen ‘vedle sebe’:

@ V(©Q) =V(©Q)U{k=min{neN|n>jeV(9}}

(b) E(S) = E(G) U{(l,k) [l € Ag(j)} U{(k,1) |1 € Dg(5)}

(c) rekurzivni aplikace algoritmu nagraf G, CK danélevym podstromem, ktery vznikne odebranim
kofenez T, uzel j a
rekurzivni aplikacealgoritmunagraf G, CK danépravym podstromem, ktery vznikneodebranim
kofenez T, uzel k

3. neni-li kofen T list ainstrukceje ‘S, pak je uzel j zdvojen ‘ za sebou’

lpestovany strom je trojice t = (T%,r¢,vt), kde T3 je strom, 7, € V/(T3) je vrchol oznateny jako kofen a vy je pevné
zakresleni stromu T} v roviné. Ekvivalence péstovanych stromd je tedy silngSi nez ekvivalence stromll, coz pozdéji umozni existenci
jednoznatného prifazeni acyklické topologie a CK.
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@ V@) =V@G)U{k=min{neN|n>jeV(9}}

(b) E(T) = (EG) U (4,k) U{(k,1) | 1€ Dg(j)}) \ {(L,4) | 1 € Ag(j)}

(c) rekurzivni aplikace algoritmu nagraf G, CK danélevym podstromem, ktery vznikne odebranim
kofenez T, uzel j a
rekurzivni aplikacealgoritmunagraf G, CK danépravym podstromem, ktery vznikneodebranim
kofenez T, uzel k

Algoritmus 2. Algoritmus konstrukce acyklické topologie dle CK. Ag(j), resp. Dg(j) reprezentuji
mnoZinu rodiét, resp. potomkdi uzlu j v grafu G .

Tento algoritmus provedemeproiniciacni graf Srvrr = ({IN, 1, OUT}, {(IN, 1), (1,0UT)}), n§aké CK
avrchol 1. Vydedkem algoritmu je acyklicka topologie definujici ngakou SNS.

Z algoritmu vidét, Ze T je binarni péstovany strom, protoZe pocet podstromll pouzitych v kazdém kroku
je dan pottem uzldi, které dle instrukci vzniknou. ProtoZe jsou pouZity instrukce pro zdvojeni uzlll ajiné
instrukce nejsou implementovany (napriklad smazani daného uzlu, rekurzivni volani plivodniho CK pro
dany uzel), budou v dalSim uvazovany pouze binarni péstované stromy CK.

Takto definované CK neni jednoznatné svazano s vyslednym grafem, protoze neni vyuzita jednoznacna
vazbalisttl CK auzll vysledného grafu. Listy nebudou obsahovat instrukce, ale parametry neuronli vys edné
sité; tim se stava CK reprezentaci architektury SNS. Jednoduchy priklad konstrukce architektury SNS dle
CK jenaobrazku 3.

v

parametry v listech uchovéavat ve tvaru posloupnosti, ktera umoziiuje snadné zachazeni s témito struktu-
rami. Je pouZit postup rozsifenych readovych kodll (RK), které zavedl R.C. Read pro obecné péstované
stromy (viz [Read72]). RK péstovaného stromu ¢, ktery oznatime RK (t), je dan jako posloupnost hodnot
0,...,max;cv(r,){Dr, (j)}, kdeDr, (j) je pocet potomkiiuzlu j stromu T;. Tato posloupnost se konstruuje
rekurzivné pomoci pravidia

RK(t) = { D1, (n) ,RK(t1), ..., RK (tpr,(r) } - ®

Pofadi RK (t;),j = 1,..., Dy(r.), potomkd kofene stromu ¢ jejednoznatné dano zakreslenim péstovaného
stromu do roviny. RK listu (stromy isomorfni s¢ = {0,0}) je dan vztahem RK (t) = 0. Napriklad RK
Uplného binarniho stromu hloubky 2 jedan {2, 2, 0, 0, 2, 0, 0}.

Pocet prvkii posloupnosti RK (t) jeroven poctu uzlti stromu t. Pro mnoZinu péstovanych stroml je zobrazeni
RK (.) bijekci mnoZiny péstovanych stromil a tzv. grafovych posloupnosti2. Nahodna grafova posloup-
nost potom odpovida néhodnému péstovanému stromu, navic je diky shodnosti pottu prvki pos oupnosti
s pottem uzll stromu mozné kontrolovat i pocet uzll ve vzniklém grafu.

ProtoZe sejednoznatnost pfifazeni grafovych posl oupnosti a péstovanych stromtl zachovai ve specialni tfidé
binarnich péstovanych stromll, je mozné kromé skalarnich hodnot RK zachovéavat i pridavné parametry.
Konkrétné je potfeba zachovat pro vnitfni uzly informaci o instrukci pfi sestavovani vysledné acyklické
architektury a pro listy informaci o hodnotach parametrli neurontl. Pro CK T tedy zavedeme posloupnost
trojic (RK (T);, Inst(T);, Par(T);)j-;, ¢ = |V(Ty)l, z nichz prvni hodnota udavéa hodnotu Readova
kodu, druha instrukci daného uzlu a tieti parametry neuronll. Instrukce existuji pouze pro vnitini uzly
stromu, proto RK(T); = 0 = Inst(T); = 0, j = 1,...,|V(Ty)|. Neprézdné instrukce je mozné
reprezentovat hodnotami z N nebo n&jakou abecedou znakll. Naopak parametry existuji pouze pro listy,
proto RK(T); > 0 = Par(T); =0, j =1,...,|V(Ty)|. Neprazdné hodnoty parametrli jsou vét&inou
vicerozmérné areélné, a proto Par(T); € N udava odkaz na pozici v poli poli redlnych parametrli viech
vypocetnich jednotek. Popsanou posloupnost trojic nazveme instrukeni kod, zkracené K é6d.

2 RK splAuji tzv. level property — pro lib. péstovany strom ¢ plati, Ze soucet prvnich d hodnot RK (t) je V&S nebo roven d a
rovnost nastavapro d = |V (7%)|. RK je v tomto smyslu grafovou posloupnosti CK.
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Obrézek 3. Schéma zobrazeni RK a CK. IKdd a CK jsou ve vzéjemné jednoznatném vztahu.

Pocet uzllti ve vydedné acyklické architektufe SNS je v jednoznaném vztahu s | K 6dem, protoZe pocet uzll
vysledné architektury je pevné dan poctem listli v IKodu. Pro pocet uzlli v grafu acyklicke architektury a
pocet prvkli IKodu IC plati vztah

_IC)+1

V(Ssns)l = =5 — @

Pomoci tohoto vztahu miizeme G&inné kontrolovat pocty neurontl v konstruované architekture SNS.

4. Implementované netrivialni acyklické architektury

Pomoci | Kodl je moZzné pracovat s rozsahlou tfidou architektur, vhodnou modifikaci podminek kladenych
na RK Cast IKodu (kromé level property) Ize dosdhnout i speciénich topologii. Z prozatim testovanych
architektur sestavovanych dle K 6dll uvedeme nahodnou, vrstevnatou architekturu a architekturu siti, které
jsou uzivany k separaci a klasifikaci kvality dat ziskanych simulacemi pfipravovaného detektoru ATLAS,
nazyvanou architektura s vybérem promeénnych.

Kromé typu neuronu F', definovaného v €asti 2.1 vztahy 1 a 2 je v architekturach pouzivan typ neuronu
s vybérem proménnych. Formalné tento typ miizeme pro neuron sv%upni dimenzi n € N definovat pomoci
pevného parametru p € {0, 1}" jako zobrazeni Ff ¢ : R® — RXi=1Pi kteréje pro kazde z € R™ dano
vztahem

l n
(Fosl @)y =ap, I= min 93 pi=ke, k=1....3 p; 5)
yeeey Tl j:l j:l

Parametr p tedy svymi nenulovymi slozkami vytvarfi masku, ktera urcuje vystupni proménné neuronu,
pfiCemz tyto proménné maji stejnou hodnotu jako prislusné vstupy; tento parametr je oznacen jako pevny,
protoze je stanoven pred konstrukci sité a neni dale modifikovan (napfiklad procesem uceni).

4.1. Nahodné architektury

Nahodné architektury jsou ziskavany konstrukci dle IK6du, které jsou nahodné generovany pomoci level
property. Jsou pouzity bézné neurony bez korekénich jednotek a z parametrll jsou nastavovany pouze potty
klastrli v prepinacich jednotkéach.

Na zaCatku generovani je pevné zvolen poCet neuronll ve vysedné architektufe (napf. néhodnym vybérem
CidaN € {Nuin,---, Nmaz}), PK je uzitim level property a vztahu 4 postupné sestavovan IKod IC
délky 2N — 1. Tento postup je realizovan od prvniho prvku IC; ¢ast RK ;¢ je generovana nahodné tak,
aby tvoreny RK v kazdém okamziku splfoval level property. Jestlize je aktualné nagenerovanapozice RK
v IC nenulova, tj. jerovna 2, odpovidatato €ast vnitfnimu uzlu CK atedy instrukci. Hodnotainstrukce je
(rovnomérné) nahodné zvolena (‘S nebo ‘P’) a parametry jsou prazdné. Jestlize je aktualné nagenerovana
pozice RK v I'C nulova, odpovidatato cast listu CK atedy jiz konkrétnimu neuronu. Instrukceje ponechana
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prazdnaaje zvolen pocet klastrli v neuronu. Nakonec je dle IC' sestavena architektura SNS, kteraje ucena
a ohodnocena.

Tyto nahodné generované architektury je mozné optimalizovat pomoci genetického algoritmu (GA); repro-
duk&ni schémata pak spotivaji v modifikacich nebo zaménach podstromi CK véetné instrukci a parametru.

4.2. Vrstevnatéarchitektury

Zvolme potet vrstev K € N a pro kazdou vrstvu potet neuronliNy, . .., Nk € N. Graf vrstevnaté architek-
tury je dan mnozinou uzlti {IN, 1,...,N¢,N; +1,..., E;(:l N;, OUT} anéasledujicimi podminkami pro
hrany:

e mezi uzly {IN} a{1,...,N;} je Uplny bipartitni graf,

e provsechnal = 1,...,Kjemezi uzly {23;21 N, +1, Zé._:ll N;} a{Zé;ll N; +1, Zé.zl N, } tplny
bipartitni graf,

e mezi uzly {Z;(Zl N; +1,0UT} a{1,...,N; } je Uplny bipartitni graf.

Typy mohou byt b&Zné neurony bez korek&nich jednotek, v prvni vrstvé je mozné pouzit neurony svybérem
proménnych.

V tomto pfipadé jiz neplati, ze libovolny 1Kod nutné reprezentuje vrstevnatou sit. Je tfeba klést na IKod
dodatetné podminky. Plati, ZeproK € NaNy,...,Ng € N reprezentuje IKod

(27‘5'70)(27‘13,70)(07‘ ,71)---(27‘P,70)(07‘ ,7N1 - 1)(07l '7N1)
@'5.0(2 P00 N+ ) @ P00 NN DO NN

2, P, 000, (SEIN) +1) . 2, P 0)(0, 7, (55, Np) = 10, (55, Ny)

architekturu vrstevnaté site sK vrstvami aN;,j = 1,..., K, neurony v j-té vrstvé. Generovani |Kodu pro
vrstevnatou sit probihatedy pro nahodné zvolené potty vrstev a neuronll v jednotlivych vrstvach tak, aby
RK splnoval level property acely IKod byl navic tvaru uvedeného v (6).

4.3. Architektury svybérem proménnych

Architektura s vybérem proménnych je pouzivana k testovani a analyze dat problému detekce Higgsova
bosonu. Jsou zde spojeny dva pristupy; jednak jejako substrukturapouzit linearni Fetézec, ktery zpracovava
robustné i takto komplikovanadata, a déle jsou zafazeny neurony s vybérem promeénnych, které umoznuji
hledani submodelll ajejich kombinaci.

Graf architektury je ze vstupniho uzlu IN rozvétvendo K € N neuronli s vybérem proménnych. Dle dalSich
Cadti grafu architektury rozdélujeme na

e jednodussi typ: zakazdym z neuronll s vyb&rem proménnych nasleduji linearni fetézce stanovenych
délek Lq,...,Lx € N. Jgich vystupy jsou pak spojeny do posledniho linearniho fetézce délky
Lk 1 € N ajeho vystup vede do vystupniho uzlu OUT.

e doZitg 3 typ: zakazdym s neuronil s vybérem proménnych nasleduji nahodné generované podsité
s maximalnimi pocty neurondl Sy,...,Skx € N. Vystupy podsiti jsou spojeny do posledni podsité
s maximanim poctem neurontl Sx 4 1, j€jiZ vystup vede do vystupniho uzZlu OQUT.
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Obréazek 4. Ukazky jednotlivych architektur — ndhodng, vrstevnaté a s vybérem proménnych (jednodussi
typ).

5. Zavér

Studiem zakladni architektury linearniho fetézce jsme jednoznatné prokazali, ze moznosti neuronovych siti
s prepinacimi jednotkami nejsou zdaleka vyCerpany a ze se nabizi celafada moznosti pro jejich zobecnéni.

O potencialu, ktery nabizi neurony sprepinacimi jednotkami, naspresvedCily i naSe experimenty. Ty ukazaly,
Zejiz linearni fetézce dosahuji vysledkl srovnatelnych se standardnimi modely napriklad pfi jejich aplikaci
na separaci dat nebo na predikci sezonnich Casovych fad.

Zobecnéni linearnich Fetézcll, které predstavuji dopredné strukturované neuronove sité, pak posunulo
moznosti vyuziti neuronovychsiti s prepinacimi jednotkami opét o néco déle. Jejich vyznam navic umochuje
prezentovanareprezentace téchto siti pomoci Readovych kodi a nasledna moznost genetické optimalizace

architektury siti. Dohromady totiz genetické algoritmy a neuronové sité predstavuji komplexni nastroj pro
modelovani &iroke tfidy problémd, jehoZ vlastnosti jiZ nyni testujeme.

V budoucnu planujeme dal8i rozsifeni tfidy doprednych strukturovanych neuronovych siti a to zeiména
0 noveé typy neurontl, které by umoZznili robustng3i klastrovani dat a nelinearni optimalizaci parametr{l jed-
notlivych neurontl. Paral elné s timto zobecnénim podrobime dal $im experi mentfim genetickou optimalizaci
architektury neuronovych siti. V neposledni fadé pak planujeme vytvorit analyzu teoretickych vlastnosti
téchto neuronovych siti a pouzitého procesu optimalizace.
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Abstract

The paper deals with modelling of groundwater solute transport in dual-porosity environment, i.e.
porous media with blind pores containing immobile water. We present a numerical model, composed
of severa parts: the fluid flow is solved by the mixed-hybrid finite elements method and the transport
problem is solved by the operator splitting method, where the split problems are advection (solved
by explicit upwind finite volume scheme) and the mobile-immobile exchange (expressed by anaytical
solution) — this combination of methods is author’s result in the thesis. The model results are successfully
compared with analytical solutions on simple 1D problem. The model was also applied on the real-world
problem of groundwater remediation in Straz pod Ralskem region and the material parameters in the
model are calibrated by comparisons with field measurements.

1. Introduction

Numerical calculations play important role in the groundwater management for forecasting of results
of artificial operation (pumping or injecting water) and for protection of drinking water sources against
contaminants. Many numerical methodswere developed in the last 30 yearsfor basic problems of fluid flow
and solute transport and various generalisations. The more powerful computer technology allows to model
larger scale of problemsand to use appropriately sophisticated methods.

Theeffect of dual porosity (blind pore zonewithimmobilewater) appearsin many porous mediaand belongs
to intensively studied topics of interaction between flowing chemical substances and the solid matrix of
porous media. The influence of the blind (immobile) pores in the material evinces e.g. during extraction
of contaminated water — the gradual diffusive motion of solutes from the immobile to the mobile pores
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Figure 1: Structure of the two-region model. Transport connection between mobile and immobile pores at the level
of REV (representative elementary volume [3]). The scheme corresponds to the communication structurein
the numerical model.

(with moving water) [1] causes the remediation to take longer time, the concentration in the drawn solution
decreases slower.

Thetopic of thethesis(construction and analysisof themodel) was motivated by remediati on of contaminated
underground water in Stréz pod Ral skem region in the north of the Czech Republic [2], where the model is
currently being used. In spite of that, the most of the presented work is general and can be applied for other
porous media problems with the considered properties.

2. Problem description

The problem of transport in dual-porosity media (i.e. mediawith interacting mobile and immobile pores) is
commonly represented by the two-region model: The concentration of soluteisrepresented by two functions
¢, and ¢;, denoting the concentrationsin mobile and immobile poresrespectively [1]. The water flow inthe
mobile poresis governed by the Darcy’s law. We regard such a structured porous media as two overlaying
continua, interacting to each other, see Fig. 1.

The solute transport in porous media [3] is governed by the advection-dispersion equation. The mobile—
immobile exchangeis introduced as a source term in the equation, with the rate proportional to the concen-
tration difference by a coefficient a.. The overall processis governed by the system of equations

ocm 1

5 T V:(emv)—V-(DVe,) = n—a(ci —cm) +cqf +emg; (1)
6Ci _ 1
E - nia(cz CWI)J (2)

where ¢,,,, ¢; are the unknown concentrations mentioned above, ID is the matrix of dispersion coefficients
(functions of velocity, see e.g.[3]), g7 > 0 isthe fluid source intensity, ;- < 0 is the fluid sink intensity
(volume per unit volume of mobile fluid and unit time), ¢* is the injected solute concentration given and v
is the seepage velocity.

The velocity field v(x) must be determined as a solution of the fluid flow problem [3], defined by the
Darcy’sLaw

1
v=—-—KV¢ (3)
Nm
and the mass balance (continuity) equation
Vow=g+q, 4

where K is the tensor of hydraulic conductivity and ¢ is the piezometric head. We assume the flow in
saturated porous media (no free water surface).
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Figure 2: The scheme of the overall mode! structure: communication of the flow and transport model and operator
splitting in the transport model.

Both the problems of flow and transport are solved in the domain 2 C R3. Mixed Dirichlet and Neumann
boundary conditionsare prescribed, but the division of the boundary is different for the respective problems.

3. Numerical method

The structure of the model demonstrated in Fig. 2. We constructed the numerical method in such away that
we could conveniently separate the processes, each solved by simple and efficient method. The methods
are required to be compatible with each other (the mesh and the discrete values of unknowns) and to be
applicable for 3D problems with complex geometry. We also preferred to keep the structure of former
models of flow and transport, taking advantage of its interface for realistic problems (unstructured mesh
geometry, general choice of coefficients and boundary conditions, etc.).

We used amixed-hybridfinite element (MH-FEM) approximation of theflow problem[4]. Thediscretisation
of the transport by the finite volume method (FV M) benefits from a convenient coupling with the MH-FEM
fluid flow, whose resulting values are fluxes through element edges, which are the input values of the
transport model. The flux results of MH-FEM approximation have the important property of fluid mass
balance (U; = —Ujx below) with a consequencein the solute mass balance in the FVM transport model.

The FVM transport model is based on cell-centred representation [5] and a scheme explicit in time. The
operator splitting for the non-equilibrium transport problem (1)-(2) was derived on the base of standard
splitting of the advection-dispersion problem[6]. Thisapproach was also inspired by other splitting methods
for non-equilibrium problems[7, 8]. The advantage of the presented approach is the possibility to use the
analytical solution of the split problem of mobile-immobile exchange (besides the other two — advection
and dispersion). Other methods of solution of the solute transport with non-equilibrium mobile-immobile
exchange, mostly more complicated, are discussed in [9].

We describe the operator splitting for the general case, but for the practica realisation of the mode,
we consider simplified problem without the dispersion term, which is often appropriate approximation
for the real-world problems (advection-dominated transport and difficult identification of the dispersion
parameters). Particular methods are described only for the advection and the mobile—immobile exchange.

3.1. Mixed-hybrid FEM for thefluid flow

The mixed-hybrid FEM is based on weak formulation of the equations (3)-(4) on asystem &, of subdomains
of  with additional constraint on the interfaces — see [4] and references therein for details. The unknown
functions ¢, u, and A with the lowest regularity L,, H' and L respectively, represent the pressure, velocity
and traces of pressures at element sides.

In the discrete (approximating) form, the unknowns are approximated by element-wise constant, element-
wise linear and side-wise constant base functions (in the order above). The solved variables relating to
velocities have ameaning of fluxes through the element sides (U, in the transport model).
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The problem is given by the following system of equations for the triplet of unknowns

(wn, dn, An) € RT(11(8h) X ME1(8h) X M91(Fh) : 5)

Z {(Aup,wn)o,e — (#n, V - Wh)o,e + (An, V- Wh)senr, }

ey
=0
= > (¢Dn: v -wh)oeur, Vwn € RT_i(En), (6)
ecép
= > (Veun$n)oe = —(gn ¥n)oo Von € MO (En), ()
e€ly
D WE - wn, pn)oe = (Un o tin)ry Vin € M2, (Th), (8)
ecy

where the boundary conditionsare incorporated by functions¢ p,, and v, and by the choice of T, (union
of element faces except those with prescribed Dirichlet boundary condition). The notations RT® ;, M°
M?°, denote the approximation spaces, v is outword normal to element boundary; see [4] for further details.

Expressing theintegrals(scalar products) inthe system (6)—(8) for the base functions, we obtain an equivalent
system of linear algebraic equation with a specific structure.

A B C U %41
IBT P = q2 - (9)
(CT A qs3

Overal, the matrix in (9) is symmetric and indefinite (and of course sparse, astypical for the discretisations
of PDEs). Methods for solving this type of system are discussed e.g. in [10]. The solver used in our
computationsis based on Schur-complement reduction and conjugate gradient method.

3.2. Operator splitting for the solutetransport
To define the operator splitting [6], we rewrite the system of equations (1)—(2) in the operator form

% = A(e) + D(e) + X(e), (10)

Cm

wherec = ) is the couple of unknown concentrations, the operators of advection A, dispersion D

and exchange X are defined as follows

Ale) = ( —V - (emv) +Oc*q++cmq* ) ’ (11)

o) = (VO ). 12
%a (ci — cm)

X = | " , 19
_n_,-a (ci — cm)

and the initial and boundary conditions stay in the unchanged form. Choosing a time discretisation, the
processes are separated by successive solving of equationswith single operators. A, D, X on the right-hand
side instead of (10), in each time step.

The simplified calculation with advection and mobile-immobile exchange with cell-centred values of
concentration can be expressed by the values

k,n | advection k,n+1 k,n+1 | exchange k,n+1 k,n+1
Ckn C: - Cm 2,C, 2 - |C; , C; , 14

(]
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where k is cell index, m and ¢ denote the mobile and immobile zone. We remark that C"+ 2

no advection in the immobile pores.

= CP', dueto

3.3. Scheme for advection

We use the upwind scheme with cell-centred concentrationsin the mobile zone, redenoting C* = CE:™ for
readability,
n+g At n n ny— A
Gt =Gty [ ) (UHECR+UGLCH + CrQy + CRQT, (15)
JENK

where At isthe time step duration, @, isthe source/sink intensity of fluid, C’,’; istheinjected concentration
(given), V, isthe volume of the cell, Ny, isthe index set of neighbour cells. Next, Uy; are the fluxes from
k-th cell to j-th cell, and the superscripts + and — behave as a “switch” between a positive or negative
number (at = afora > 0 anda®™ = 0 for a < 0 etc.). Thanks to the mass balance in the MH-FEM flow
model, it hO'dSUkj = —Ujg.

The stability condition for the schemeis

At Y ULV and At Y (-Um)<Ve Yk, (16)

JENK JEN

which is aform of the well-known CFL conditionin 1D, C,. = % < 1, where C, isthe Courant number.
Thisisarestrictive condition on the time step, which must not exceed certain value, depending on the mesh
and the velocity field. The practical compliance of the condition is performed by successive halving of
user-given time step, until the condition (16) in al the discretisation volumesis fulfilled.

3.4. Schemefor non-equilibrium exchange

The operator splitting in the system (1)-(2) leads to a solution of two coupled ODE in a given space point
(or discretisation volume) in each time step

den, 1

dt = nm a(c’t - Cm) ) (17)
dCz' 1

To= ——alei—cm), 1
o . elei = em) (18)

which honour the mass balance n,,,¢,,, + n;c; = const. The exact solution of (17)-(18) for arbitrary time
t>0is

nm+n; t

em(t) = (el — &) ¥ mmni b 4 &0 (19)

and by analogy for c;(t). We denoted c and® = = Damcmitiici theinitial valuesfor ¢ = 0. Next, wedenote
a = qfmth *;L” the modified exchange coefficient and the characteristical time of exchangeT’, /, = % which
isthe vaI Ue used in practice as input value of the model. The discretisation scheme for both mobile (m) and
immobile (i) concentrationsis

n+3 n+3
_nmC 2 4+n;C; 2

nt+l  Snti _j —n+3 —n+i
Cznry_;l — (C 2 _ (O 2)8 aAt + C 2 C 2
’ Ny, + 1

i,m )

) (20)
where we omitted a symbol for mesh cell & for readability.

The expression (20) can be used for any time step, thus, comparing with the advection term alone, thereis
no more requirement on the time step of the model.

4, Solution of example problems

The example problemswere solved to verify a correctness of the used numerical scheme and to discuss the
significance of the numerical error in the context of solving hydrogeological problems.
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Figure 3: The mesh for example calculation of 1D transport with 3D model

The problems below are “1D” and “2D” in the sense of problem symmetry; with the 3D model, they are
solved in a 3D domain, with the rest dimensions given by a discretisation step, see e.g. Fig. 3.

4.1. Handling the numerical dispersion in comparisons

The upwind scheme for advection brings the numerical dispersion, which significantly changes the results
compared with the exact solution of the advection. For our comparisons, we included the numerical disper-
sion into a considered analytical solution to separate that numerical error (expected) from the possible error
of the discretisation of the mobile—immobile exchange and the operator splitting.

The numerical dispersionin 1D can be expressed [11] by a dispersion coefficient
Dpum = %’UAJI(]. -Cy), (21

where Az is the space discretisation step.

In practice, the above formula can be used for a-posteriori estimating of the numerical dispersion. If we
find that the value is too high in comparison with the real physical dispersion (we consider an advection-
dominated problem), it is necessary to construct a finer mesh for such a problem.

4.2, Transport in uniform 1D flow

We solve a problem of trangport in uniform flow with zero initial condition (both concetration ¢,,, and ¢;)
and constant value of concentration at the inflow point. The parameters are the following:

length of thedomain L = 1000m

velocity v = 1lm/day

porosities Ny =0.1n; =02 or n,, =02n; =0.1
input concentration ¢ = 100kg/m*

observed timeinterval  t,,., = 500days

where we consider two choices of porosities with opposite weighting.

The calulations were performed for the rates of the mobile-immobile exchange covering the full possible
scale, from 0 to oo. The values are in Tab.1 in terms of the characteristic time of exchange and the
dimensionlessform of the coefficient.

4.2.1 Numerical solution: A natural discretisation of the 1D canal problem using the trilateral
prismsisby pairsin blocks, Fig. 3. The 1000m domainisdiscretised into 20 blocks, i.e. 40 trilateral volumes,
with their centers uniformly spaced: Az = 25m. The time step is chosen At = 12.5days, thus the Courant
number isC, = 3.

Using (21), we express the numerical dispersion in this problem. The equivalent dispersion coefficient in
the advection-dispersion equation is D = 6.25m?/day.
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Table 1: Values of T}/, chosen for the example calculations and comparison of numerical and analytical solutions.
The values of w are appropriately derived (23) for the use in the analytica solution.

N =0.1,n; =0.2 | Ny =0.2,n; =0.1
Ty, [days] w (dimensionless)
oo (turned-off exchange) | O 0
1000 0.462 0.231
100 4.62 231
10 46.2 231
0 (equilibrium) oo (not calculated) | oo

o Numerical solution

0.8 ——  Analytical solution

0.4

021

0 ) BHa. PN TS
0 100 200 300 400 50 600 700 800 900 1000

Figure 4: Comparison of numerical and analytical solution for the 1D non-equilibrium transport problem, for the
porositiesn, = 0.1, n; = 0.2. The labels denote the values of exchangetime 7' /.

4.2.2 Analytical solution: ~ Weconsider theanalytical solution presentedin[12], whichisexpressed
by aformulaof several lines. For reference, we use the same notation of their dimensionless variables

X=% T=% p= "= (22)
P = 4% (Peclet number) andw = 2L . (23)

In our problem, the coefficientsare § = % P =160 andw in Tab.1.

4.2.3 Discussion: Both the numerical and the analytical solution are displayed in the Fig. 4 for
the first choice of the porosities. Results for the second variant are similar, but the “retardation” in the
equilibrium case (T}, = 0) issmaller: onethird instead of two thirds as given by the ratio of porosities.

Theresultsfit well. We can observe that the approximation of the mobile—immobileexchangedoes not bring
other significant numerical error besides the numerical dispersion of the scheme for the advection.

4.3. Trangport in 2D radial flow

Thismodel problem was chosen to represent atypical situation in the hydrogeological actions— drawing or
injecting well. We consider a circle domain of radius R with the well in the center. For correct dimensions
and for the use of the 3D model, we consider thickness h.

To avoid problemswith singular point in the circle center, we represent thewell asasmall circlewith radius
T, applying the side flux boundary condition instead of a sink. We used the values

R =100m, r, = 5m,h = 10m, Q = 48m®/d,

where () isthe injected/drawn rate.

PhD Conference’03 40 ICS Prague



100

- 100 .
. 'E‘)”_%'ﬁ'r‘r’]?/' ’ — without immobile
gl analytical | | gol O --- T_1/2=1000d
D=0.1m /d o ---- T_1/2=100d
O numerical : T_1/2 = 0 (equilibrium)

601 60}

40+ 401

20t 20

SNo---

0 n n n " =]
0 20 40 60 80 100 0 500 1000 1500 2000 2500 3000

Figure5: Solution of transport problemsin 2D radial flow. In the left: Concentration vs. position in the radial direction
(meters) for the problem of injecting. In the right: Concentration vs. time (days) for the problem of drawing.

Two problems were solved: First, the injection of constant concentration to the domain with zero initia
state, observing only the behavior of the advection model. Second, the extraction from the domain with
non-zero constant concentration at the beginning and zero-concentration in the inflow from the outside.

4.3.1 Numerical solution: The mesh was constructed as non-uniform, finer close to the well and
coarser at the outside boundary. The dimensionsin theradial direction are approximately proportional to the
position, Az ~ r, from1.75mto 25m. Thanksto the radial symmetry, we solved the problemin a 7 -sector,
reducing the total number of cellsto 140.

The numerical dispersion (in radial, i.e. longitudinal direction) estimated by (21) is expressed by almost
constant dispersion coefficient D = 0.5m3/day (C, ~ 0 in most of the cells, except close to the well and v
isinverse proportional to r).

4.3.2 Analytical solution of advection and dispersion: We did not find an analytical solution
of the general non-equilibrium transport problem. For a basic check of the advection and the numerical
dispersion, we use the classical solution of 1D advection-dispersion problem, expressed by erfc (f/z—%tt),
with appropriately placing the “wave front” according to the non-uniform velocity.

In comparisonfor agiventime (Fig. 5in theleft) we can observethat the numerical result fit to the analytical
with the dispersion coefficient D = 0.1m?/d instead of the estimated numerical dispersion D = 0.5m?2/d. It
can be caused by our many simplification in calculation of both the results.

4.3.3 Influence of mobile-immobile exchange: We compared (Fig. 5 in the right) the time-
dependences of the drawn concentration for various val ues of mobile-immobile exchange coefficient T’ /.
The quicker mobile-immobile exchange takes effect in the earlier part of the timeinterval, while the slower
exchange takes effect in the later time, as expected.

5. Application of the model

5.1. Problem description

The problem we present here is a subset of the global model of remediation control. There are many of the
local fields like the one presented and the remediation process is handled by weighted drawing from all
these fields.

We consider a single leeching field with the horizontal dimesions about 1200 x 500m and 60 — 90m

thickness, covered by the mesh of 12000 cells. Thetimeinterval is 18 monthsand it begins at the beginning
of remediation drawing. Thereare 20 drawing wellsin the area. The period solved is splitted into one-month
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Figure 6: Deviations of the total drawn mass (kg) in single months, comparing the numerical results and field
measurements. Results for various sets of material parameters (in the order: mobile porosity n,,, tota

porosity ntot = N + 1, and characteristic time of mobile-immobile exchange T /,).
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Figure 7: Drawn concentration (m3/kg) versus time (dates) for a selected well. Comparison of the model without
immobile pores, model with calibrated parameters, and measurements.
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intervals. there are given constant flow rates in the wells in each month and measured the total mass of
drawn solutes.

5.2. Discussion of theresults

The model with mobile-immobile exchange showed expected hehavior: the concentration in the drawn
solution decreases slower, mainly in the later period, when the model without the immobile pores forecasts
almost zero concentration.

The calculations were performed for a set of valuesn,,, n; and T /2, which are not sufficiently determined
from laboratory soil analyses. Comparing the deviations of the numerical result and measurements helped
to specify the values more precisely, but on the other hand, the deviations change with time (Fig. 6), which
makes the calibration difficult and non-unique. The comparions were done on global measure: the sum of
solute mass from all the wells.

Comparisons of concentrationsin the single wells were used for secondary validation, because there were
often deviations of both signsamong all thewells and calibrating one well correctly caused the rest wellsto
have worse fitting results. An example of the resultsisin Fig. 7, where we can observe good agreement in
the final period, but worse agreement in the middle period.
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Abstrakt

Rozhodovaci stromy alesy jsou jednémi ze zakl adnich metod strojového ueni ave srovnani sostatnimi
dosahuiji velmi dobrych vysledkil. Zaroven jsou tyto metody pomérné jednoduché a velice rychlg, jak pri
konstrukci, tak pfi vyhodnocovani. Tento €lanek je vénovan jedné pomérné nové a zajimavé metode
zvané Random Forest. Na konkrétnich datech bude ukazano, jak |ze lesy zkonstruované pomoci Random
Forest analyzovat a odvozovat jejich chovani pro rlizna pravidla kombinovani jednotlivych stromii v lese
zvolené velikosti; to v3e pouze ze znaosti chovani jednoho konkrétniho velkého lesa. Hlavnim cilem
tohoto prispévku je popsat nastroj, ktery umozni hledani optimalnich vah stromii v lese, jgjichz pouziti by
vedlo ke zlepSeni predikce.

1. Uvod

V tomto ¢lanku se budeme zabyvat analyzou rozhodovacich lesll, které vytvari metoda Random Forest [4].
Rozhodovaci lesy jsou spoletné s rozhodovacimi stromy jednou z metod strojového uceni. V prispévku se
budeme témito metodami zabyvat z pohledu klasifikace, tedy budeme se zabyvat analyzou klasifikatorli ve
formeé rozhodovacich lesll. Klasifikéator je obecné néjakée zobrazeni h : X — C, kde X je n&aky prostor
vektorll a C' je mnozina moznych tfid, do kterych mbizeme prvky z X zafadit. Pro konstrukci klasifikéatoru
se ve V&tSiné pripadech vyuZziva znal osti takzvané ucici mnoziny, coz je nezavidy vybér pfipadl se znamou
klasifikaci z prostoru X.

Rozhodovaci stromjetedy ngjaky klasifikator h, ktery matvar stromu sedvématypy uzl &i—rozhodovaci uzly,
obsahujici ngaky test, a hrany do dalSich uzll; alisty, které néjakym zplisobem indikuji tfidu. Neznamy
pripad, ktery chceme oklasifikovat, tak prochazi jednotlivymi testy v rozhodovacich uzlech az doséhne
ngjakého listu, jenzto urci jeho tridu.

Rozhodovaci lespotom neni nicjiného nez mnozinarozhodovacich stromiiapravidlo pro kombinaci predikci
jednotlivych stromil. V soucasné dobé existuje nékolik metod aimplementaci na konstrukci rozhodovacich
stromli alesli —C4.5aC5.0[1, 3], CART [2], CRUISE, QUEST [7, 8] aRandom Forest [4].

Zde se budeme zabyvat metodou Random Forest a zejména vhodnou volbou vazeni jednotlivych stromi
v lese. Ukazeme jak 1ze snadno lesy z Random Forest analyzovat a odvozovat jejich chovani ze znalosti
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chovani velkého lesa, coz bude mit vyznam pro hledani optimalnich vah.

Nasim vysledkem jetedy nastroj respektive postup, ktery nam umozni pouze ze znalosti predikci avlastnosti
stromll v jednom konkrétnim velkém lese (zvolili jsmeles velikosti 500 stromil) odvodit priimérné chovani
lesa zvolené velikosti pfi pouziti rliznych pravidel pro kombinaci stromil. DUleZité je, Ze odvozujeme
primérnéchovani lesa. Misto konkrétniho lesa, ktery by mohl byt zatizen chybou, totiZ pouzivame statisticky
model, ktery je urCen parametry odhadnutymi z jiz zmifiovaného lesa 0 500 stromech. V' ¢lanku zéroven
ukazemei jeden konkrétni pfipad vah (pravidlo pro kombinovani stromil), ktery pfi daném poctu stromii v
lese klasifikaci zlepsi.

1.1. Data

V&tSinu experimentil provadime na datech z projektu MAGI C-telescope?. Jedna se o data s 13 numerickymi
prediktory a se dvéma tfidami —1, +1 (3um a signal), pfi¢emz na ueni se pouziva prvnich 10 atribut
(z1,...,710). Oznatme s X mnozinu véech moznych mé&eni aC = {—1, +1} mnozinu moznych klasi-
fikaci. Pro nauceni klasifikatoru budeme potfebovat u€ici mnozinu, necht ! = {x,...,xs}, kdex; € X,
x; = (z1,-..,%10),1 € {1,...S} jepronasmnozinavektorli se znamou klasifikaci. Tyto znaméklasifikace
mlzeme vyjadrit pomoci ¢isel y; € C;i € {1,...,S}; tak, Ze pokud je napriklad vektor x; prvkem tfidy
—1, pak y; = —1. UEici mnoZina pak pro nés bude mnozina dvajic z; = (x;,v;); L = {z1,...,2s}. Na
zakladététo mnoZziny pak miizeme pomoci RandomForest vygenerovat klasifikator veformérozhodovaciho
lesa

Podobnym zplsobem jako u€ici mnozinu miizeme definovat testovaci mnozinu K = {z1,...,zm},2i =
(x3,9;). S vyuZzitim této mnoziny pak budeme porovnavat a provadét analyzu vzniklych lestl. Oznaéme s
jesté navic M, potet pripadliz K, které patfi do tfidy +1 apodobné M _ jako poCet pripadliz —1.

Vice o datech a dfivéjSich experimentech, které jsme provadéi s vyuzitim C5.0 a CART lze ngjit v [10] a

[9.

2. Random Forest

Random Forest je pomérné nova a zajimava metoda, jejimz autorem je L.Breiman [4]. Narozdil od metod
C4.5, C5.0aCART, kterévznikly jako metody nakonstrukci jednotlivych stromil, metoda Random Forest je
od pocatku uréenanagenerovani velkych lesli. Algoritmustéto metody zde nebudeme popisovat, podrobnosti
Ize nalézt ve €lanku [4]. Nicméné si zde uvedeme alespon zakladni my3enku. Pfi konstrukci jednotlivych
stromll v lese, vyuZiva Random Forest takzvaného baggingu bez vraceni. Ten spocivav tom, Ze pi kazdem
kroku (tedy pfi vytvareni kazdého stromu) se provede z trénovaci mnoziny néhodny vybér pripaddl (bez
vraceni). Nasledné je na zakladé tohoto vybéru vygenerovan strom (metodou rozdél a panu;j) s €istymi listy,
ktery neni profezavan, narozdil od metod C5.0 & CART. Zajimavy v metodé Random Forest je vybeér testliv
rozhodovacich listech pfi uceni. Metoda vybere k& ndhodnych proménnych, dle kterych by se v daném listé
mohl provadét test a na zakladé podobného kriteriajako v C4.5 provede vybér nejlepsiho testu. Zgjimavé
j&, zei pokud se k zvoli rovno 1, vysledky nejsou Spatné viz.[4] . Pri klasifikaci pak Random Forest vyuziva
vétSinového hlasovani, kdy vysledek klasifikace se ¥idi vétsinou hlasii jednotlivych stromd; jingmi slovy,
vSechny stromy v lese maji stejnou vahu.

3. Odvozeni chovani lesi

V této Casti struéné popiseme jak |ze provadét analyzu rozhodovacich lesti (z Random Forest). Nase snaha
byla pokusit se pouze ze znalosti velkého lesa odvodit priimérnou chybu lesti rliznych velikosti pri uziti
rtiznych kombinaci stromil, coz by nam pomohlo pfi hledani optimalnich vah a umoznilo by napfiklad
optimalizaci vazici funkce. Z dfivgjsich experimenttl (viz. [9]) mame totiz zkuSenosti, Ze vhodné vazeni
stromli v lese miize klasifikaci zlepsit.

Celou anayzu jsme rozddili natfi pfipady. V prvnim pfipadé nechame jednotlivé stromy hlasovat pouze
dvouhodnotove (+1/ — 1), tedy pfesné tak jak to provadi Random Forest. Ve druhém pripadé provedeme
aproximaci takového hlasovani pomoci norméaniho rozdéleni, abychom se pfipravili na posledni situaci,

Lhitp:/hegral.mppmu.mpg.de/MA Gl CWeb/
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kde uz budou hlasy jednotlivych stromi redlna cisla, tedy néjakée obecné vahy.

3.1. Pfipad I, hlasovani —1/ +1

Mé&me nyni testovaci mnozinu K a mnozinu N rozhodovacich stromd F = {Ty,...,Tn}. Pro kazdy
pripad (x;,y;) € K oznatme hlasj-tého stromu jako T} (x;) € C.

Predpokladejme nyni, Ze pro kazdy pFipad (x;,y;) z testovaci mnoziny K zname parametry rozdéeni
hlasovani stromd v lese — stfedni hodnotu p; arozptyl o7, které jsme odhadli z jiz zmifiovaného velkého
lesa. Mezi témito dvéma parametry plati tento zékladni vztah

o} =1— (1)

ktery 1ze snadno odvodit z definice rozptylu a ze skute€nosti, Ze hlasovani nabyva pouze hodnot —1/ + 1.
Ozname s nyni soutet hlasti jednotlivych stroml jako

N
g(xi) = Y Tj(x:) 2)
j=1
ahlasovéani celého lesa je potom
f(xi) =I(g(xs) > 1) 3

kde funkce I je definovanatakto I(true) = +1,1(false) = —1 at je n§aky parametr (mez) pro prijeti,
napriklad pfi vétSinovem hlasovani je t = 0. V obecném pripadé (pfi hlasovani —1/ + 1) mlze byt ¢t €
(=N, +N). Zeznalosti parametrii rozdéleni as vyuzitim vztahu (1) mizeme déle odvodit pravdépodobnost,
Ze j-ty strom bude hlasovat, ze i-ty pripad patfi do tfidy +1

P(Tj(x;) =1)=1/2- (ui + 1) (4)

Diky tomu, Ze hlasovani strom{i v tomto pfipadé nabyvapouze dvou hodnot, miizeme odvodit pravdépodob-
nost, sjakou cely les oklasifikujei-ty pripad jako +1 pfi daném ¢ (oznamesi (4) jako p;)

N

PUG) == Y () -pt )

k=[1/2-(N+1)]

kde dolni mez k vlastné odpovida poctu stroml, které pfi daném ¢ hlasuji jako 1.
Vyjadreni chyby a srovnani lesli rliznych velikosti s rliznymi pravidly kombinovani provadime s vyuzitim
takzvanych ROC (Receiver Operator Curve) kfivek. Tyto kFivky |ze definovat nasledujicim vztahem

roc = {(r,5) € (0,1)’Ir = P(f(x) = 1]y = -1),s = P(f(x) = lly=1)}, (x,y) € K (6)

Tedy osa z vyjadfuje pravdépodobnost, Zze testovaci pfipady ze tfidy —1 se pfifadi do tfidy +1,
a osa y predstavuje pravdépodobnost s jakou jsou pripady ze tfidy +1 klasifikovany spravné. Ze vz-
tahu (6) je zaroven zieimé, Ze optiménim bodem jebod (0, 1) (vSechny pripady jsou spravnéklasifikovany).
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My jsme schopni pro kazdy prah ¢ svyuzitim (5) urcit jeden bod naROC kfivce. K tomu ovsem potfebujeme
vyjadfit podminéné pravdépodobnosti P(f(x) = 1|y = ¢), ¢ € {—1,+1}. Ty Ize s vyuzitim (5) vyjadFit
pomoci nasledujicich vztahll

P(f(x) =1y =-1)=1/M- >  P(f(x)=1) (7)
P(fx)=1y=1)=1/M;y Y  P(f(x;)=1) (®)
iy =+1

Na obrazku 1 vidime srovnani grafti (ROC kfivek), které vzniknou z lesa 0 500 stromech (coz je vlastné
nas odhad rozdéleni) a z lesa 0 11 stromech, a odhadem, ktery jsme dostali ze vzorctl (5), (8) a (7). Po
odvozeni chovani lesli v nejjednodusSim pripadé se dostaneme ke zobecnéni.

sk_urtecna 500 ——
skutecna 11 --------
odvozena 11 -+ |

0.1 b

0 I I I I
0 0.2 0.4 0.6 0.8 1

Obrazek 1: Odhad chovani lesao 11 stromech

3.2. Pripad I, aproximace nor malnim rozdélenim

Predchozi pfipad nas pomérné podstatné omezoval tim, ze umoznoval hlasovani pouze dvouhodnotové. V
budoucnu ale budeme potiebovat n&jaké obecné vahy, tedy kdy hlasy jednotlivych stromt jsou redlnadisla
Omezeni v predchozim pripadé je tedy dano tim, ze je tam uzito binomického rozdéleni a pocita se tedy
pouze se dvéma moznymi zplisoby hlasovani. Proto jsme si potfebovali pfipravit plidu a umoznit obecné
hlasovani. Tudiz jsme misto binomického rozdéleni pouzili aproximaci normanim rozdéenim. Pomoci
normalniho rozdéeni miizeme odhadovat chovani lesll pfi obecném hlasovani; a prvnim krokem je pravé
tato aproximace.
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Predpokladejmenyni, Zemameopét NV stromtl, jako v predchozim pripadé, kteréhlasuji opét dvouhodnotove,
tedy +1/ — 1; arovnéz predpokladejme, Ze zname parametry rozdéleni u; ac2. Ovéem v tomto pfipadéjiz
obecné (pocitame s obecnymi vahami) neplati vztah (1), tudiz neplati ani (4). Nicméné miizeme urdit

P(f(xi) =1) = P(g(x;) > t) =1 - P(g(x;) < 1) 9)

Abych mohli tuto hodnotu ur€it, musime nejdfive zjistit P(g(x;) < t). Jak je vySe uvedeno, budeme
zde aproximovat hlasovani lesa pomoci normalniho rozdé eni. Potfebujeme tedy znéat parametry rozdé eni
hlasovani celého lesa; ty ovéem dokazeme snadno zjistit ze znalosti parametri rozdéleni hlasovani stromil
a diky tomu, Ze hlasovani stromll je nezavidé, protoze stromy sami 0sobé jsou konstruovany nezavide.
Mametedy N nezavidych stejné rozdélenych nahodnych velicin. Potom | ze parametry rozdé eni hlasovani
lesa urcit ze vztahli

N
Mi=BQ_Tj(x)) =N - p (10)
N NJ_
St =EQ_Ti(xi) - EQ_T;(x)))* = N-of (1)

prokazdeVi € {1,..., M}. Mametak parametry normalniho rozdéleni — stfedni hodnotu M; arozptyl S?.
MUizeme tudiz urcit

—(e-M?)

P(g(xi) <) T de (12)

1 t
- :Si'\/ﬂ/ooe

adiky tomu uz spocteme (9). Mlizeme tudiz urcit pravd&podobnost, Ze les vrati pro konkrétni pripad tfidu
+1 alzetak snadno ze vztahu (6) vyjadfit ROC kfivku klasifikace lesa.

Jak dopadne odhad ROC kfivky s vyuzitim normalniho rozdéeni oproti odhadu s binomickym rozdé&enim
Ize vidét v grafu 2. V tuto chvili mame tedy pfipraven postup pro odhad chovani lesa s vyuzitim ngakych
obecnych redlnych vah. V dalsim kroku se podivame jak dopadne pouziti konkrétniho typu vah.

3.3. Pripad |11, hlasovani ks(«), normalni rozdéeni

V predchozich dvou krocich jsme si vlastné pouze pfipravovali postup naodvozeni chyby pfi hlasovani lesa
s vyuzitim obecnych reélnych vah. V tomto bodé se podivame na jeden konkrétni pfipad vah, na kterych
jsme vySe uvedeny postup vyzkouseli a které jsme jiz dfive testovali po experimentalni strance.

Po vytvoreni lesa, miizeme v kazdém listu kazdého stromu zjistit pocet pFipad®l z konkrétni tidy, které se
pri uceni do daného listu dostali. M&metedy list u aoznalmesi pocet pripadll z ucici mnoZiny z tfidy +1,
které se do listu u dostali pfi uCeni jako

pos, = [{(x,y) € LIx € u Ay = +1}] (13)

Podobné miizeme pro list « definovat i neg,, — pocet negativnich pripadll (z tfidy —1). Pro kazdy list tak
mame statistiky pos aneg. Nazakladé téchto dvou hodnot jsme pfifadili kazdému listu ngakou vahu, ktera
zévisi jednak na veétSing pripadu z ngakeé tfidy arovnéz na velikosti (pos + neg) listu. Tuto vahu listu u
jsme definovali takto (ks = koeficient signifikance)

POSy — NEGy

ksy(la) = ——————C
su(@) (posy + negy)®

(14)
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T - T
odvozena binom
odvozena normal aprox ---+---

0.3 I I I I I I I I I
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Obrazek 2: Porovnani aproximace normalnim rozdé enim s rozdéenim binomickym

Hodnotu (14) tedy spocteme pro kazdy list v lese a hlasovani lesa pro dany pfipad bude soucet hodnot
(14) listdl, do kterych se neznamy pripad “prosypal”. Nyni bychom tedy radi urcili chybu pfi hlasovani lesa
s témito vahami. Predtim nez jsme mé&li vySe popsany postup pro odvozovani chyby, museli jsme prosté
skutecné vygenerovat les, na kterém jsme chybu spotitali. Pro pouziti naSich nastrojll ovéem staci znat
parametry rozdéleni u; ac?, tak jak jsou popsany ve druhém pripadé. PYi prvnich experimentech s vahami
(14) jsme tyto parametry prosté opét odhadli z velkého lesa. To je ovSem pro budouci praci nepouzitelng,
protoze bychom pro kazdé nové vahy museli znovu parametry odhadovat z velkého lesa. OvSem je asi
zfeimé, Ze i pozdgjSi vahy se budou ur€ovat z hodnot pos aneg, proto nam bude stacit zjistit si informace
o rozdéleni téchto hodnot pro kazdy pripad navelkém lese. Toto se provede pouze jednou a bude to mozno
pouZzit vicekrat, pro riizné vahy. V soucasnosti natomto postupu pracujeme.

Vratme se ale zpét; predpokladejme nyni, Ze mame ngakym zplisobem odhadnuty parametry u; ao? pri
hlasovani pomoci (14). Na zakladé téchto znalosti opét miizeme urcit (9) a ROC kfivku (6), presné dle
postupu uvedeného ve druhém pfipadé.

Jak dopadne klasifikace s vyuzitim hlasovani (14) na 11 stromech miizeme vidét na obrazku 3; jak vidno
toto hlasovani klasifikaci oproti hlasovani bez vah zlepsi.

4, Zavér

Je zZfeimé, ze v tuto chvili mame v podstaté pouze pohodiny nastroj, ktery nam umozni snadno analyzovat
rozhodovaci lesy. Jeho vyznam je dan tim, Ze pfi hledani a testovani rliznych vah nemusime generovat
lesy, coz byva casovéi pamétove velice narotné, a misto toho stati v podstaté dosadit do nasich vzoreck
a odhadnout tak chybu lesa dané velikosti. Ukazali jsme rovnéz na prikladu vah ks(a), Ze vazeni miize
pomoci. Do budoucna se tak miizeme zabyvat hledanim vhodnych vah, pfipadné hledanim bodt, které
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Obrazek 3: Odhad hlasovani pfi pouziti vah ks(0.7)

jsou ngjakym zplisobem zajimavé (napriklad pri vazeni se zlepsi jejich klasifikace), tedy obecné analyzou
rozhodovacich lestl. V tomto ¢lanku jsme popsali nastroj, ktery nam toto elegantné a snadno umozni.

PhD Conference’03

50

ICS Prague



References

[1] JR. Quinlan, “C4.5:Programsfor Machine learning”, Morgan Kaufmann Publishers, 1993.

[2] L. Breiman, JH. Friedman, R.A. Olshen, C.J. Stone, “Classification and regression trees’, Belmont
CA: Wadsworth, 1984.

[3] JR. Quinlan, “Boosting, bagging and C4.5", Proceedings of AAAI’ 96., 1996.
[4] L.Breiman, “Random forests’, Machine Learning, vol. 45, p. 5-32, 2001.

[5] R.E. Shapire, Y. Singer, “Improved boosting algorithms using confidence-rated predictions’, Machine
Learning, vol. 37, p. 297-336, 1999.

[6] H.Kim, W. Loh, “CRUISE User manual”, Technical report 989, University of Wisconsin, Madison,
2000.

[7]1 H. Kim, W. Loh, “Classification trees with unbiased multiway splits’, Journal of the American
Statistical Association, vol. 96, p. 589-604, 2001

[8] W.-Y. Loh, Y.-S. Shih, “Split selection methods for classification trees’, Satistica Snica, val. 7, p.
815-840, 1997

[9] R.K. Bock, A. Chilingarian, M. Gaug, F. Hakl, T. Hengstebeck, M. Jifing, J. Klaschka, E. Kotr¢,
P. Savicky, S. Towers, A. Vaiciulis, W. Wittek, “Methods for multidimensional event classification:
a case study using images from a Cherenkov gammaray telescope”’, Technical report V-887, ICSAS
CR, 2003

[10] E.KotrC “Analyzadat z projektu MAGI C-teleskop pomoci rozhodovacich strom@ialesti”, Doktorand-
sky den 02, Ustav informatiky AV CR, 2002

PhD Conference’03 51 ICS Prague



Practical model of serial computation

doktorand: Skolitel:
PAavVEL KRUSINA RoMAN NERUDA
Pod Vodarenskou vé7i 2, Praha Pod Vodarenskou vézi 2, Praha
krusina@cs.cas.cz roman@cs.cas.cz
obor studia:
-1
Abstract

In this article we design a new model of serial computation: the 86-RAM. It is a variant of a RAM
model with a programming language based on an existing machine assembler code. This alows for
exploiting tools as compilers and profilers for creating and measuring of the 86-RAM models. We show
the polynomial equivalence between the RAM and 86-RAM models. Finally, we present an example of
automatic model creation and measuring of its properties.

1. Introduction

There is a gap between complexity theory and a programming practice. While the theoretical RAM model
of serial computation is clear and widely accepted, the existing program devel oping tools target mainly real
computers and their machine codes.

In this article we aim for blurring the edge between theoretical models of serial computation and objects
they are to model — the computational processes of real computers. We do it by enhancing the RAM model
definition such that its programming languageisareal computer assembler. Thisapproach hasthe advantage
of generating such model s programsby machine compilation from high-level programming languages. Also
the possibility of direct execution and measurements of these modelsis valuable especially for the complex
computations. The work presented in this text is a part of a larger project geared at both the realistic
parallel model and the computer implementation of execution and measurement environment for distributed
computations.

We start with the RAM model definition and the definition of the x86 assembler language, we comparethem
and noticetheir smilaritiesand differences. Then we design anew RAM-like model with thex86 instruction
set and discuss its properties. Next, we present the equivalence theorems for the traditional RAM and the
new 86-RAM models. Finally, we do an experiment of executing and measuring the 86-RAM program on
acomputer.
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LQAD oper and

STORE oper and
ADD oper and
SUB oper and
JuwP | abel
JZERO | abel
READ oper and
HALT

Table 1: The RAM instruction set.

2. Existing models

Here we present an overview of the two building blocks we will lately use to design our new model: the
RAM sequential machine model and the assembler language.

Since we aim for parallel models design in near future, we use an uniprocessor version of PRAM asaRAM
model definition. This ensures that there are no minor non-consistencies between the RAM and PRAM
models[3].

Definition 1 A random access machine (RAM) consists of a single processor P, an unbounded memory, a
set of input registers, and a finite program. The processor has an accumulator and a program counter. All
memory locations and accumulator are capable of holding arbitrary nonnegative integers. The program
consists of a sequence of possibly labeled instructions chosen from the list above (Table 1). A programis
nondeterministic if some label occurs more than once, deterministic otherwise.

Each operand may be a literal, an address, or an indirect address.

Initially the input to the RAM is placed in the input registers, one bit per register, all memory is cleared, the
length of theinput is placed in the accumul ator, and the processor is started. At each step in the computation
the processor executes the instruction given by its program counter in one unit of time, then advances its
counter by one unless the instruction causes a jump.

A READ instruction uses the value of the operand to specify one of the input registers; the contents of the
selected register is placed in the accumulator. A HALT instruction causes the processor to stop running.

Execution continues until the processor executes HALT instruction. The input is accepted only if there is
some computation in which the processor halts with onein its accumulator; the time required to accept the
input is the minimum over all such computations of the number of instructions executed by the processor.

Definition 2 A language L is in the class deterministic (nondeterministic) 7'(n)-time-RAM if there is a
deterministic (nondeterministic) RAM M such that for all words z of lengthn, z isin L ifand only if z is
accepted by M and requirestime at most T'(n).

Next we remind a von Neumann machine definition.

Definition 3 A von Neumann machine consists of a single processor P, a bounded memory, and a finite
program. The processor has an accumulator, and a program counter, and possibly other registers. All
memory locations and accumulator are capable of holding bounded integers. The program consists of a
sequence of addressabl e instructions chosen from the fixed list. A programis always deterministic.

Operands may be literals, addresses, or indirect addresses depending on the actual instruction.

PhD Conference’03 53 ICS Prague



Initially the input to the von Neumann machine is placed in the memory, the processor is started. At each
step in the computation the processor executes the instruction given by its program counter in one unit of
time, then advancesits counter by one (even if the instruction is a jump).

Execution continues until the processor executes program halting instructions. The input is accepted only
if the computation executes acceptance signaling instructions. Snce the machine is deterministic, the
acceptancetime is simply the time of programrun.

Definition 4 Alanguage L is in the class deterministic T'(n)-time-vN if there is a von Neumann machine
M such that for all words z of length n, z isin L if and only if = is accepted by M and requires time at
most T'(n).

Assembler language is a human readable form of von Neumann machine code. Since there are more real
implementations of von Neumann machine, there are also more variants of the assembler language. In the
next part of this article we focus on the Intel Architecture 32 (IA32) machines and its assembler language
called the x86 assembler. For a complete definition of the x86 assembler language, the instruction semantic
and the machine description one can read [2].

To illustrate the similarities and differences between low level languages like assembler and RAM on one
hand, and high level languages like C++ on the other, we have programmed a simple subroutine of adding
two integer vectors together (Table 2). The stack frame prologue and epilogue codes for assembler version
is removed since it has no counterpart in RAM. According to this the function header should be removed
also from the C++ version but it isleft in place to help reader to understand the subroutine interface.

3. Bridging model

In this section we want to merge the two approaches discussed before and come with a new hybrid model
combining the advantages of both.

Let usstart withalist of important featuresnot shared by the two models. The x86 programsare deterministic
—thisiscommonto al real implementations of von Neumann machine. The x86 has only bounded memory
and stores only bounded integer numbers — these trivially come from the physical limitations common to
all real computers. It is not so strong limitation as it may seem. Because we only compare characteristics
of running programs, and a program exceeding the hard limits of a given real computer cannot continue,
the programs we take into account always have enough memory. On the other hand, even on RAM, the
accepting program (ending in the accepting state in afinite time) can only use a finite number of memory.
Asopposed to RAM, the x86 instructions do not always take the sametime, they reflect the actual operation
complexity and last proportionally to it.

There are no compilersfrom commonly used high-level programming languagesinto RAM aswell asthere
are no profiling or performance control toolsfor RAM.

While the clean and ssimple design of theoretical RAM model is surely its advantage, the lack of modern
programming tools negates this in a considerable degree. We can think of programming only small scale
problemsin RAM simply because of limitations of human programmers. Programming in such alow level
language as RAM or assembler is quite expensive in term of human effort and work. For larger problems
it is much more complicated to write them or debug them in the low level language directly than to write
and maintain them in some suitable high level language like C or C++ which is trandated to the low level
language by the automatic compiler.

For example our generalized genetic algorithm core module [5] has about 1000 lines of extended C++
code while its x86 assembler version takes about 182000 lines. Since the x86 language has a quite large
instruction set, the same code trandlated into RAM could have even more lines.
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C++ function:

voi d AddVec(int*a,int*b,int n)

{
}

for(int

i=0; i<n; i++) a[i]+=b[i];

x86 assenbl er (in AT&T syntax):

xor |
. L6:
novl
addl
i ncl
cnpl
jl
. L8:
ret

PhD Conference’

%edx,

(Yesi
Yeax,
%edx
%ebx,
. L6

%edx

, Y%edx, 4), Y%eax

(%ecx, Y%edx, 4)

%edx

vari abl es mappi ng:

O T 5

RAM machi ne:

. L6:

. L8:

asm

ebx
edx
ecx
esi

LOAD
ADD
STORE
LOCAD
ADD
STORE
LOAD
ADD
STORE
LOAD
SUB
JZERO
STORE
JUwP

HALT

Table 2: The RAM and assembler languages fragments.
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Definition 5 A x86 random access machine (86-RAM) consists of a single processor P, an unbounded data
segment, an input segment , and a finite program. The processor has a fixed set of registers including a
program counter. All memory locationsand registers are capabl e of holding arbitrary nonnegativeintegers.
The program consists of a sequence of addressable |A-32 instructions [2]. Operands may be literals,
addresses, or indirect addresses according to the specification. Initially the input to the RAM is placed in
the input segment and pointer to it is passed to the 86-RAM machine in the ebp register. The whole data
segment is cleared, the length of the input is placed in the eax register, and the processor is started at the
beginning of the program. At each step in the computation the processor executes the instruction given by
its program counter in one unit of time, then advancesits counter by one. Ar et instruction of the top level
program routine causes the processor to stop running. Execution continues until the processor executes top
level r et instruction. The input is accepted only if the computation endswith non-zero in the eax register.

Definition 6 A language L is in the class T'(n)-time-86-RAM if there is a 86-RAM M such that for all
words z of lengthn, z isin L if and only if z is accepted by M and requirestime at most T'(n).

Considering the properties of the new model, we claim the 86-RAM model has these advantages: There
are freely available compilers from several modern high level languages into x86 assembler and so to the
86-RAM programs. The 86-RAM programs are directly executable on a large set of 1A32 computers if
the execution happen to fit into memory and number size bounds given by the computer. There are freely
available tools for measuring performance characteristics of a running program applicable also to running
86-RAM programs. The 86-RAM model is close enough to traditional deterministic RAM model, so we
can compare and share results on both these architectures.

4. Equivalence of (deterministic) RAM and 86-RAM models

In this section we present a discussion of the RAM and 86-RAM models polynomial equivalence. For
simulation of a RAM machine on a 86-RAM the complete proof is shown. For the opposite direction the
program translation function could be constructed similarly, but because of a much richer 1A-32 instruction
set, it is not completely included.

Theorem 1 For any deterministic RAM machine M running in time T, there is an equivalent 86-RAM
machine N bounded by time T'¢, where the ¢ is a program independent constant.

Proof. We construct themachine V by direct trand ation of themachine M program. We start at thebeginning
of the M program and according to Table 3 trandate each RAM instruction into the 86-RAM language. All
labels are kept unchanged at their places. Theresult is acorrect and equivalent 86-RAM program. O

Let us note two observations: first, if the 86-RAM machine N is generated this way, the ebp register is
never modified and so it is safe to use it as input segment base during the whole computation. Second, since
in such 86-RAM machineisno call of subroutines, every r et instructioninitisthetoplevel r et and thus
equivalent to HALT instruction of RAM.

Theorem 2 For any 86-RAM machine N running in time 7', there is an equivalent RAM machine M
bounded by time T'p(I), where p(I) is a program independent polynomial on the largest used number size
hold in a single location.

Sketch of proof. Asin the previous case, we construct the machine M by direct trandation of the machine
N program. But there are several issueswe should take care of : First, the RAM machine M should simulate
86-RAM featureslike larger set of registers and special memory segment of stack in its only memory space
(see Figure 1). Second, the 86-RAM instruction set includes codes for which the emulation on RAM takes
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RAM i nstructi on 86- RAM i nstructi ons

LOAD

LOAD

LOAD

STORE

STORE

ADD

ADD

ADD

SuUB

SUB

SUB

JUwP

JZERO

READ

HALT

PhD Conference’03

(in AT&T synt ax)

const nov| $const , Y%eax
[ mem oc] nov| menl oc, Yeax
*indirect nov| i ndi rect, %ebx
nov| (%ebx) , Yeax
[ mem oc] nov| %eax, memnl oc
*indirect nov| i ndi rect, %ebx
nov| %eax, (%ebx)
const addl $const, %eax
[ mem oc] addl mem oc, %eax
*indirect novl i ndi rect, %esbx
addl (%ebx), %ax
const subl $const, Y%eax
[ mem oc] subl mem oc, %eax
*indirect novl i ndi rect, %sbx
subl (%bx), %eax
| abel jmp | abel
| abel cnpl $0, %eax
je | abel
i dx nov| i dx, %ebx
nov| (%ebp, %ebx) , Y%eax

ret

Table 3: The RAM to 86-RAM trandation table.

57

ICS Prague



RAM memory
B s6-rRAM registers
[J 86-RAM data segment
B 86-RAM stack

Figurel: The RAM simulating 86-RAM.

Qper at or # of Fl oat D(f) All D(a) Cycles D(c)
nane calls ops. ops.

RND 62 121 1 9922 57 34097 3896
Mut ati on 276 15 0 3929 3 29008 4944
Aver age 111 60 0 3873 3 21261 1313
3- xover 19 240 0 12141 3 39882 1035
Eucl i dean 988 91 0 3241 3 20643 2340
Manhat t an 809 90 0 3236 2 18667 893

Table 4: The 86-RAM execution measurements.

more than constant time like mul | and di vl , but al are bounded by a polynomial on operand size. The
86-RAM instruction set is large and the complete trand ation table from 86-RAM to RAM is beyond limits
of thistext. m|

5. Example

Now we can proceed to exploiting the new model advantages. Imagine we want to model a complex
computation such as genetic algorithm (GA). We have chosen to implement the algorithm in C++, however
to obtain the 86-RAM model program text, we only have to generate it with the C++ compiler. When the
programming and debugging parts are over, we can run the code, and by accessing the computer hardware
counters perform measurings of the running code which are directly applicable to the model as well. This
way we can learn how many instruction doesit take to perform any given procedure or how much time does
it cost. From such a data we can estimate the costs of runs not actually performed.

Here we present performance measurements results of a genetic operator package module (Figure 2). The
code was written in extended C++, compiled into x86 machine code and measured during GA evolution. It
shows the key ideas of our approach whileit is still simple enough.

The examined codeis a part of AOPack30 module responsiblefor performing creation, genetic, and metric
operations on vectors of 30 double precision floating point numbers. The program was profiled using the
PAPI library [4] and the results are listed in Table 4. Each line stands for a single operator. Thefirst (RND)
is creation operator, the next three (Mutation, Average, and 3-xover) are representants of genetic operators,
and the last two (Euclidean and Manhattan) are metric operators. For each operator the total number of
invocations during the testing n, the average number of floating point operations in one invocation f, the
average number of all operationsa, the average number of processor cycles per invocation ¢, together with
variances D of these are counted. The processor cycles are connected through the CPU frequency to thereal
time used on the computation, so they allow us to estimate the run times on different computers as well.
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Figure 2: The GA decomposition.

6. Conclusion

In this article we have discussed differences and similarities of real computer assembler languages and
theoretical models of computation like RAM. We observed that the differences were not fundamental,
we could design RAM-like model based on an assembler language, and we could simulate RAM and
86-RAM models on each other effectively (Theorems 1 and 2). We have also demonstrated that using the
assembl er-like model allows usto write programsin modern high-level languages and then to use automatic
compilersto generate the model. Further we can use existing performancetools to do measurements on the
running program which are directly applicable for the model. Currently we are developing a parallel and
asynchronous model upon the 86-RAM suitable for modeling complex distributed multi-agent systemslike
parallel genetic algorithm etc.
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Abstract

In this paper we discuss regularization techniques and show that from regularization principles one
can derive approximation schemes that are equivalent to feedforward neural networks with one hidden
layer, which we will refer to as regularization networks. Several learning algorithms for regularization
networks are discussed.

1. Introduction

In general afeedforward neural network can be viewed as a black-box with several inputs and outputs. The
network is able to modify its parameters so as to fit the desired behaviour described by a set of examples,
that is a set containing possible inputs together with corresponding outputs. Such a system, with the ability
to learn autonomously a given task, can be very useful in many real life applications, namely in prediction,
classification, control, etc. This learning is known as supervised learning or learning from examples. It
turns out, that there is a close connection between the function approximation problem and the supervised
learning of neural networks.

While training a neural network, we are given a set of input/output pairs {z;,v; }7, (caled training set)
and we are looking for the function that represents the relation between the inputs ; and the outputs 7;
the best. A function in some a priori given form is considered, corresponding to the type and architecture
of the network as well as some other “reasonable” assumption about the approximation function (such as
smoothness).

In the section 2 we will summarize the regularization techniques and show how different types of regular-
ization schemes, i.e. different regularization networks, can be derived. In the section 3 we describe several
algorithmsthat can be used for learning of regularization networks.
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2. Theregularization approach

Given aset {(z;,y;) € R? x R}, of datathat was obtained by random sampling of some function f
(belonging to some space of functions X defined on R?), generally in the presence of noise, our goal is
to recover the function f from the data, or find the best estimate of it. It can be done by Empirical Risk
Minimization, i.e. finding a function that minimizes the functiona H[f] = Zé‘;l (f(&;) — y;)? over the
hypothesis space H, that is a chosen function space. Since this problem is generally ill-posed, we add an
additional member called stabilizer to H[ f]. The stabilizer typically forcesthe smoothness of theminimizing
function, in the sense that two similar inputs correspond to two similar outputs. We get:

H[f) =Y (f(@) —vi)* +v8[f], (1)

i=1

where ®[f] is a stabilizer and v > 0 is aregularization parameter that controls the trade-off between the
smoothness and closeness to data.

Tikhonov [8] proposed to choose asymmetric, positive-definite kernel function K and defined the stabilizer
by means of the norm || - || x in H k, that is the Reproducing Kernel Hilbert Space (RKHS) determined by
the kerndl K. So, we minimize the functional:
1 & .
H[f] = — > (v = £(@)* + Il @)
i=1

over the hypothesis space H k. If we take the functional derivative with respect to f, apply itto f € H, and
set equal to O:

— Z ) (@) =1, F) =0 3
where (-, -) isan inner product in RKHS. By setting f = Kz = K (-, #) we get
7) = chz (%) ¢ = y_TJ;(“ (4)

Another form of smoothness functional based on Fourier transform was proposed by Poggio and Girrosi

in[2]:
2
n- dﬁ|f )l -
re GB)’

where f~ indicates the Fourier transform of f , G is some positive function that goes to zero for ||s|| — oo
(i.e. 1/G isahigh-passfilter).

Under slight assumptionson G (as to be symmetric, so that its Fourier transform G is real and symmetric)
is possible to show that the solution minimizing the functional (1) has the form:

m k
=) aG@E-F)+ Y datba(), (6)
i=1 a=1

where {1, }£_; is a basis in the k-dimensional space N of the functional & (in most cases a set of
polynomials). Coefficientsd,, and ¢; depend on the data and satisfy the following linear system:

(G +~yD)E+0Td =7 7)

¢ = (8)

O

where I istheidentity matrix, and we defined:

g:(yla . 7ym) ¢= (Cla ..,Cm), d:(dla"'adk) (9)
( ) G( ])a (lI])az' :¢a(fi) (10)
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The existence of the solution to the linear system above is guaranteed by the existence of the solution of
minimization (1).

The real form of the stabilizer (5) depends on the choice of G-

¢ Radial stabilizers—those areradially symmetric ones, i.e. satisfying ®[f(¥)] = ®[f(RZ)], where R
isan arbitrary rotation matrix. Theradial symmetry reflectsthe assumption, that all theinput variables
have equal relevance, that is, there are no privileged directions. They lead to aradial basis function
G(||z||) and the approximation model correspondsto the RBF networks[3].

. . . . ~ 1sy® N . .
The important example is the Gaussian function G(3) = e~ # resulting in the basis function
_ 2

G(¥) = e 7 , where 8 is a positive parameter. As the Gaussian function is a positive definite
function, ®[f] isanorm, its null space contains only the zero element, and therefore the additional
terms of equation (6) are not needed.

e Tensor product stabilizers—an alternative of choicefor G(3) intheform G(3) = II9_, j(s; ), where

g is an one-dimensional function. Thisleads to a tensor product basis function G(Z) = H?:]_g(l'j),
where g isthe Fourier transform of §. For positive definite functions g the functional ®[f] isanorm
and its null space is empty.

Aninteresting example s the choice §(s) = 7z, which leads to the basis function:
G(Z) = ngle*\wj\ — e Zi=1 @il — o lIFllL1 (11)

Thisbasisfunctionisinteresting from the point of view of hardwareimplementation, sinceit requires
only the computation of L; norm (instead the usual Euclidean norm Ls).

o Additive stabilizers—it is also possible to derive the class of additive approximation schemes, i.e.
the schemes of the form f(Z) = ZZ=1 fu(z*), where f,, are one-dimensional functions. It can be
done by the use of the stabilizer

1 |Fu ()12
@[f]=;@/}zd8%, (12)

where 8, > 0 are parameters allowing us to impose different degrees of smoothness on the different
additive components. The minimum of this functional except the null space terms has again the form

f(@) =YL, eG(F — &), where G(Z — &) = Y4_, 0,9(z# — =¥'). The additive components are
not independent, because 8, are fixed.

3. Learning algorithms

In the previous section we derived several approximation schemes, that are all in the form
F@) =" G, 5, %), (13)
i=1
where m is the number of data points, Z; are the given data samples, G is some basis function, p; are
possible additional parameters of basisfunction G and ¢; are real coefficients, typically called weights. The
scheme (13) iscalled regularization network. By the generalized regularization network we then understand

the network, where the number of basis functionsis lower than the number of data points.

Poggio, Girosi in [7] proposed the special type of the generalized regularization network:

f(@) = i caG(WZ—-Wt,) n<N, (14)

a=1
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where W is matrix defining the transformation of the input space, t,, are heuristically chosen centers.

Now we introduce several algorithms dealing with the learning of generalized regularization networks. We
start with the algorithm for the regularization network proposed by Poggio and Smalein [7]:

Algoritmus3.1:  Poggio, Smale

1. Start with data {#;, y;}*, C X x Y.
2. Choose asymmetric, positive-definite function K z(z') = K (&, '), continuouson X x X.

3. Createf: X - Y by

f(@) = eiKz,(F) (15)
i=1
and computec = (¢4, - - -, ¢n) by solving
(m~I + K)C =7, (16)

where I is the identity matrix, K is the square positive-definite matrix K;; = K(;,;), and
7= 1,---,Yym),y > 0isrea number.

The linear system of equations (16) in m variables is well-posed, since K is positive and (m~I + K) is
strictly positive. The strength of this algorithm isin its simplicity, but on the other hand, in real tasks, the
data set can be really huge and the algorithms of type of 3.1, where the number of basis functions is the
same as the number of data points, are not feasible.

Thereforewe are moreinterested in algorithmsfor generalized regul arization networks. In our past work we
have studied RBF neural networks, that arein fact a special type of the generalized regularization network.
We used a network in the form:

h .
1@ = we (u) an
j=1 J

where ¢ issomeradial basisfunction, typically e—=, h isthe number of hidden units (basisfunctions). Note
that in our model each hidden unit j has possibly different norm matrix W;. In [6] we described three main
approaches to the RBF network learning Three step learning, Gradient learning and Genetic learning and
also demonstrated them on several experiments.

Thelower number of basisfunctionsin generalized regularization networksis outweighted by the following
obstacles: the learning problem is no more well-posed and more network parameters (such as centers
¢;, widths b; and matrices W;) have to be determined. We are in a danger of overfitting, that means
that our solution can go through all the data points (or most of them) and minimize the empirical risk
Ef\; L (f(&;) — yi)?* correctly, but oscillate too much and give a poor generalization results.

One way how to deal with this problem, is to add the regularization term to the error function similarly
we did while minimizing the functional (1). (Note that now we are minimizing a function on the space of
network parameters, while in section 2 and 5 we were minimizing a functional on some function space.)

Bishop in [1] proposed to measure the smoothness using the second derivatives of the approximating
function:

m

EBsy = Z(f(fz) - :Ui)z + 'YErega E’reg = Z Z <%(f)> ’ (18)
J

i=1 i=1 j=1
where z; isthe j-th coordinate of .

Our Three step learning adopted to the error function (18) leads to the algorithm:
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Algoritmus3.2:  Three step algorithm based on Bishop's regul arization

1. Set the centers ¢; as random samples from the data set or find suitable representatives by a vector
guantization.

2. Find the valuesfor b; an_l = W.'W; by minimizing the error function

h

1
E(bla"' abh;El_la"' 72;1) = _Zl

h

() e — e llw\* ]
Ze o <%> - P

s=1 r

; . @9

r=1

where P is an overlap parameter.

3. Find the values of w;: Take derivative of (18) and put them equal to zero. Solve the linear system by
pseudoinverse.
W=9%otD, &t=(3T%)"'® (20)

where D € R"*™, & ¢ R and

& 7<||5t_:ljnwj>
Dy = Y dPy(E®),  y@) =e ’ (21)
t=1
k n (t) 52, (1)
" 8%yq’ O*yr
b = 3 (i) 3 (G54, @
t=1 =1 1 1

This algorithm is similar to Algorithm 3.1 and is also quite smple. The trickier parts are the step 1 and 2,
sincethey arein fact based on heuristics. The solving of linear system, though ill-posed, can be successfully
treated by known numerical methods. The main disadvantage of the algorithm, aswell asin Algorithm 3.1,
is the presence of parameter v, that must be somehow estimated, and that may significantly influence the
solution.

Our second approach — Gradient learning — is based on minimizing the error function by the gradient
algorithm. In order to include regularization, we simply replace the error function by the function (18),
compute its derivatives and apply the gradient descent algorithm. In order to avoid the parameter v , we
will use the error function without the regularization member, but we will control the generalization ability
of the network during learning, similary to cross-validation.

PhD Conference’03 64 ICS Prague



Algoritmus3.3:  Gradient learning with the test for generalization

1. Splitthedataset DS to training set 7'S; and testing set T'S» (for instance 90% for training set, 10%
for testing set, depending on the number of data points).

2. Vj &;(i) + random sample from T'Sy
Vj bj(i), £; (i) + small random value
10

3. Forall j and p(i) in & (i), b; (i), £, (i):

22

Ap(i) + —e¢ 5 + aAp(i — 1), p(i) < p(i) + Ap(3) (23)
Ey + > (f(@—w)®  (erroronthetraining set) (24)
ZeTS1

4. i+i+1
5. By < Y zers, (F(E) —ui)? (error on the testing set)
6. If both F; and E, are decreasing, go to 3. If F, started to increase, STOP.

The last algorithm we want to introduce here is the Genetic learning. It is the application of stochastic
optimization technique known as Genetic algorithms on the minimization of the error function. Since it
requires no computation of derivatives of the error function, but only an evaluation of it, we can use any
form of the error function.

Algoritmus3.4:  Genetic learning with the regularization

1. Create random population Py of N feasible solutions. ¢ « 0

2. For dl I € P; compute:

m

cost(I) = Z(f](fz) — 4i)* + VBreq (25)

i=1

where fr isthe function represented by individual 1.
3. If thelowest cost in the population is sufficient STOP.
4. Create empty P;11 and repeat until P, isfull:

Selection: select 2 individuals I1, I, (lower cost <+ higher probability).
Crossover: Ij, I, + crossover(Iy, I).
Mutation: mutate(7), mutate(I}).

Add I{, I} into Py .

5.4+ 1+ 1,goto 2.

The regulatization member E,., in the step 2 is either the Bishop's one from the equation (18) or the one
proposed by Tikhonov:

Breg =7y} (26)
More details can be found in [6] or [4].
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4, Conclusion

We gave asummary of the use of regularization principles, showed how the regularization networks can be
derived and how the different types of stabilizers|ead to different types of regularization networks.

We proposed several algorithmsfor estimating the parameters of generalized regul arization networks with
radial basisfunctions. After slight adaptations, all of them can beused al so for the other typesof regularization
networks from section 2.

We have tested these algorithms, without the regularization extension, for the network with the Gaussian
basis function in our past work. The results of several experiments can be found in [6],[4] or [5]. Now we
plan to tests our algorithms, including the regularization extension proposed in this paper, and other models
described in section 2.
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Abstrakt

V tomto prispévku pojedname o problému minimalizace nelinearni funkce na mnoziné omezeni
obsahujici rovnosti i nerovnosti. Zavedenim logaritmického barierového ¢lenu prevedeme plivodni prob-
Iém na ekvivalentni problém, ve kterém se vyskytuji pouze omezeni s rovnostmi a odvodime soustavu
linearnich rovnic pro jeho FeSeni, které je ekvivaentni Uloze nalezeni |okalné omezeného kroku kvadrat-
ické funkce s linearnim omezenim. Sestrojime iteratni metodu, zaloZzenou na modifikované metodé s
|ok&lné omezenym krokem, slouZici k jejimu FeSeni.

1. Metoda vnitfniho bodu

Budeme se zabyvat obecnym problémem nalezeni minima funkce f na mnoziné dané omezenimi ve
tvaru rovnosti a nerovnosti

f(x) = min, vzhledemk ¢;(z) <0, cg(z) =0, 1)

kde
R >R ¢:R*—>R™, ¢cg:R*"—R"E

jsou dvakrét spojité diferencovatelnéfunkce (c; < 0 je mySeno po slozkach),
I={1,...mr}, E={mr+1,...,m;r+mg=m}
apredpokladame, ze mg < n.

Tento problém je obtizné Fesitelny z dlivodu vyskytu nerovnosti ¢;(z) < 0. Abychom tyto nerovnosti
odstranili, zavedeme vektor pomocnych proménnych

$=81={(81,,8m;) € R™
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a prevedeme problém (1) na tlohu s rovnostmi a jednoduchymi nerovnostmi
f(z) = min, ¢r(z)+s=0, s>0, ce(z)=0. (2

Podstata metody vnitfniho bodu spociva v ndhradé omezeni s > 0 pridanim logaritmického barierového
Clenu skonstantou i > 0 k funkci f. Tim dostaneme Glohu

F(z,5) = f(z) — peTIn(Sy)e — min, h(z,s) & [er(z) + 5, ep(2)] =0, 3)

kde e je vektor se samymi jednickami a S; = diag(s;, ¢ € I), kteraméa pouze omezeni ve tvaru rovnosti.
Logaritmicka barierova funkce vyzaduje, aby platilo s; > 0 Vi € I, coz |ze zgjistit vhodnym vybérem
délky kroku. Pro u — 0 dostaneme feSeni plivodni Glohy (1).

Budeme pouzivat oznaCeni
o(z) = [cr(x), cr(@)] = [c1(2), ..., em (2)] € R™,
h(l’, 3) = [hI(:L': S)a hE(l‘, 8)] = [Cl (1‘) + 81,5 Cmy (.’L') + Smy, Cm1+1(.'l,'), ey cm(m)]T € Rm;
[Ar(z),Agp(z)] = [Vihi(z,s),Vihg(z,s)] = [Vecr (), ..., Viem(z)] € RPX™.

Jestlize ma Jacobiho matice [A(z), Ag(z)] line&rné nezavisé sloupce, pak feSeni z,, s, problému (3)
splhuje nadedujici Karush-Kuhn-Tuckerovy podminky (nutné podminky pro extrém). Necht

L(z,s,u) = F(z,s) + u"h(z,s) = f(z) — pe” In(Sr)e + uTh(z, s)

je Lagrangeovafunkce problému (3) s multiplikatory u = [uF,vL]T € R™. Oznatme

9o(@,8,u) = VoL(z,s,u) =V, f(z) + [A1(z), Ap(z)] v
gs(z,8,u) = VL(z,5,u) = —uS;'e+ur =—uS;'e+ Ure
Guz(z,8,u) = V2, L(z,8,u) = V2, f(z)+ Z up V2, cr ()
k=1
Ggs(z,5,u) = V2 L(z,s,u) = puS;>

jeii gradienty a Hessovy matice. Pak existuje vektor u, € R™, ze plati
VoL (Za, 85,us) =0, VsL(uy 85,us) = 0, VuL(Zy, 85, ux) = 0.
Hledame tedy feSeni z,, 5., ux, které spliuje

gz(m,s,u) =0, gs(masau) =0, h(iL’,S) =0. (4)

2. Odvozeni soustavy rovnic
Z&kladni metody pro feSeni problému (3) jsou iteratni ajejich iteratni krok matvar
et =2+ ayd,, sT=s5+asds, uT =u+ audy,

kde d, € R*, dy € R™, d,, € R™ jsou smérové vektory a ag,as,a, > 0 jsou délky kroku. Pro
nal ezeni smérovych vektor{l pouzijeme metodu odvozenou z Newtonovy metody aplikovanou nanelinearni
KKT systém (4), kde a, = a; = a, = 1.

Budeme uvaZzovat dva pFistupy. Priméarni formulace vznikne pouzitim Newtonovy metody na soustavu (4).
JestliZze nejprve vynasobime druhou rovnici (4) matici Sy

gs = —,uS;le +Ure=0 = S;9,=—-pe+SiU;e=0

a teprve na tuto vyslednou rovnici aplikujeme Newtonovu metodu, dostaneme tzv. priméarné-duani for-
mulaci. Ta je vyhodng3i, vede na efektivngsi algoritmy. Po aplikaci Newtonovy metody dostaneme tyto
rovnice (vlevo primarni, vpravo primarné-duélni formulace a vynechame proménné z, s, u) - i3 se pouze
druha
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szdw + [AIyAE] du = =0z Gmwdx + [AI;AE] du = =0z
Gssds + [17 0] dy = —9s Urds + Slduz = _SIgS
[AI,AE]T dy + [dL,0]T = —h [AI;AE]sz +[d;,0]" = ~h

Predpokladejme, ze d, = [dfj,de]T a necht matice B, aproximuje Hessovu matici G, nebot v
praxi misto druhych derivaci pocitame jgjich aproximace pomoci diferenci. Aby se vySk@oval vektor d,
vynasobime obé druhé rovnice diagonani matici D; € R™ a abychom dostali symetrickou soustavu,
nahradime neznamou ds vyrazem D;lds. Dostaneme tuto tzv. priméarni, resp. primarné-duélni iteracni

metodu se soustavou linearnich rovnic pro neznaméd,, ds, dy, , dy, -

0 D D;y 0 D, 'ds | _ D;g,
AT Dr 0 0 ’ du, - hr
AL 0 0 0 du,y he

kde
D = uD;S;’D;, resp. D =D;S;'U;D;.

Jestlize pro primarni, resp. primarné-duélni formulaci polozime

1 81
DI:WSD resp. Dy = (S;U;1)2

(v praxi Ize volit i jinavyjadieni matice D7), plati D = I avysedny systém matento tvar
B A d
(& 5)-(a)=-(1) 8

de Rn—i—mI, Be R(Tb-l-mj)><(n-|-m1)7 ge Rn"l‘mI, A€ R(n"rml)x(mI"l‘mE), h € R™ -i-mE7

_ dw _ Bw:c 0 — 9z
1= (it ) 2= 1) o= (o) ©
Ar A h
a=(o ) r= () "

Systém (5) je dimenzen + 2mj + mg. Tuto velikost 1ze zmensit CasteCnou eliminaci. Z druhérovnice (4)
plyne

kde

pricemz

—uS;le +Ure=0 = S;Uje=pe

ajestlize p — 0, pak pro libovolny index i € I plati bud uw; — 0 nebo s; — 0. MnoZinu omezeni s
nerovnostmi rozdélime na aktivni a neaktivni podmnozinu.

o Jedllizeplati s; < eru;, i € I, nazveme piisusna omezeni aktivni a oznacime je symbolem = spolu
s prislusnymi velic¢inami, tedy napf. ér(x), §1, hr, 4r. Jsou to ta omezeni, pro kteraje c;(x), i € I,
blizko nuly, pficemz ¢ € R™: .

o Jestlize plati s; > eru;, 1 € I, nazveme pfislusna omezeni neaktivni a oznafime je symbolem *

spolu s prisludnymi veliginami, tedy napt. & (), 81, hr, @r. Jsou to taomezeni, prokterajew;, i € I,
blizko nuly, pficemz i € R™ , kde ry + iy = my.
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Ze soustavy (5) vyloucime neaktivni omezeni. Ngjprve vyeliminujeme
d, = — (ATd, + i) ®)
adale po dosazeni a Upravé dostaneme pro primarni, resp. primarné-duél ni metodu
du, = pS7> (A?dz +¢ér) + 2uS7'e —Ure, resp. dy, = S;'Ur (ATd, +é1) +puSite.  (9)

Nakonec dosadime do prvni rovnice zad,,, . Po této eliminaci obsahuje systém (5) pouze aktivni omezeni a
matento tvar

Brz 0 AI AE R dw R Agz

0 I Dy o | | D'ds | __| Digs (10)
AT D; 0 0 o, hy
AL 0 0 0 o hg

kde pro primarni metodu je
B, = By, + pAS;2AT, G, =g, + pArS; % +2uA S e — A Ure
a pro priméarné-dué ni metodu
B, =By, + A[S;'UAT, g, =g, + ArS;'Urér + pArS;te.

Matice B, avektor g, jsou omezené (pfedpokladame, ze plivodni matice B, avektor g, jsou omezeng)
adimenze soustavy (10) jen + 2my + mg.

3. Vypodcet smérovych vektor 0

Systém (10) Ize FesSit bud pfimo uzitim vhodného rozkladu nebo iteratné predpodminénou metodou
Krylovovych podprostorti pro symetrickéindefinitni systémy. My v&ak zvolimejiny zplisob, pfevedenimna
metodu slokalné omezenym krokem. Bez (jmy naobecnosti miizeme predpokl adat, Zzejsou vsechnaomezeni
aktivni, tedy mm; = my. Uvazujme problém minimalizace kvadratické funkce vzhledem k linearnimu
omezeni:

1 .
Q(d) = 3 d"Bd + ¢¥d — min, ATd+h =0, (11)

kded, B, g, A, h mgi tvar (6) a(7). Oznatime-li d,, = [dX ,dL _]T € Rm:+me | agrangelv multiplikétor,

ur’ ug

Ize ukazat, Ze problém (11) a problém nalezeni smérovych vektorll pro problém (3) jsou ekviva entni, nebot
vedou na stejnou soustavu rovnic, kterama obecny tvar (5).

Plivodni problém nalezeni (aktivnich) smérovych vektorll jsme tedy prevedli na problém minimalizace
kvadratické funkce, naktery aplikujeme metodu s lokalné omezenym krokem. Po pfidani omezeni

lld]] <A (12)

nam vzniknevedielinearniho omezeni ATd+ h = 0 je&t&dald podminka. Obé podminky vak mohou byt
nekompatibilni (norma¥eSeni (11), kterou nezname, miize byt vétsSi nez A). Z tohoto dlivodu provedeme
maodifikaci metody slokalné omezenym krokem zavedenim tzv. vertika niho ahorizontal niho kroku. Budeme
uvazovat feseni d, vetvaru d, = dy + dg.

Uvazujme nejprve tuto minimalizacni Glohu
|ATd + h|| = min, ||d|| <A (13)

pro 0 < 8 < 1 (napf.§ = 0.8). ReSeni dy této Glohy | ze spocitat libovolnou metodou s|okalné omezenym
krokem, napf. metodou psi nohy.

Nyni pfeformulujeme problém (11)-(12) takto:
1
Qd) = 3 d"Bd + gTd — min, ATd=ATdy, |d||<A. (14)
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Tato nova formulace obsahuje kompatibilni omezeni, nebot volbad = dy spliiuje obé podminky. ReZeni
tohoto problému oznatime dg a spocitame ho napf. predpodminénou metodou sdruzenych gradientfl. Na
obrazku je vidét zplisob vypoctu smérového vektoru pomoci vertikalniho a horizontalniho kroku.

4. Volba pokutové funkce
Metody s lokalné omezenym krokem vedou nakrok z+ = = + a,d,, s = s + a,d,, kdebud o, = 1
aa, € (0,1) jetakove, ze st > 0 (tzv. prijatelny krok) nebo a, = a, = 0 (tzv. nulovy krok). Definujme

1 = 1, pokud s +ds > 0;
*7 | min{as € (0,1)} takové Ze s+ asds >0, pokud s +ds < 0.
Oznatme a = [ay,as] aproa = 1 definujme 1 = [1,1,]. Uvazujme dale nésledujici pokutovou funkci
P(a) skoeficientemo > 0 :
P(a) = F(z + agdy, s + asdy) + (v + du) Th(z + agdy, s + asd,) + % [|h(z + apdy, s + agds)|?

a spocitejme skutecny a predpovédeény poklestéto funkce. Skutetny poklesje definovan jako rozdil P(1) —
P(0). Jestlize Q p(«) je kvadratick&aproximace funkce P(«), pak je rozdil

1
Qr(1) —Qp(0) = P'(0) + 5 d"Bd
predpovédeény pokles funkce P(«). Abychom rozhodli, zda je krok pfijatelny i nikoli, vytvofime podil
skute€ného a predpovédéného poklesu. Jestlize
P(1) - P(0)
Qp(1) — Qp(0)

jekrok prijatelny apolomér A miizeme zvétsit. V opacném pripadéje krok nepfijatelny (nulovy) a polomér
A je tfeba snizit. Nutnou podminkou pro aplikaci metody s lok@lné omezenym krokem je vaak splnéni
nerovnosti Qp(1) — @p(0) < 0. Taje spinéna, zvolime-li

1d"Bd+d g +d"Ad,
dTAh ’

> 0,

kde d'Ah <O0.

g >

Parametr p ménime v kazdé iteraci. VE&tSina implementaci metod vnitfniho bodu voli hodnotu p tak, Ze
T T
O<p< X tedy p= "Sm—;” pro A € (0,1). V praxi se ukézalo, ze algoritmus pracuje nejlépe tehdy,

mr

kdyz jdou slozky s;u; stejnomérnék nule. K tomuto U¢elu zavedeme veli€inu

_ min;er{siu;}
sTur/myp
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Zigméplati 0 < p <1 a p =1 pravékdyz je s;u; konstantni Vi € I. Nyni pouZijeme nadedujici
heuristiku pro volbu A atedy p, kterase v praxi ukazalajako velmi efektivni:

22U e A= 01 mind 222 ’
n= mI’ - Y- 2007

P(1)—P(0)

Polomé& A ménime v zavidosti na hodnoté podilu COETIOR

blizko jedniCky nebo v&tsi nez jedna, A zvétSime.

Je-li blizko nuly, A zmen3ime, je-li

Na zavér uvedeme algoritmus popsané metody.

Data f:R" - R, ¢ =[er,cg] : R* - R™.
Zvolime: z e R", se R™  y e R, p>0,e,e1€(0,1), 0<fB8<1<y, 0<w<w<1.

1. Ur€ime A;(z), Ag(z), g(z,s,u), h(z,s). Jli p<e, ||lgll <e, ||h|| <e, pak STOP.

2. Pomoci diferenci spotitame druhé derivace funkci f(z) ac(z), poloZime A = ||g|| aur€imeaktivni
anesktivni omezeni (s; < eyu;, resp. s; > eru;).

3. Metodou s lokalné omezenym krokem spocitame vektory dy,ds, dy, ,du,, ze vzorch (8) a (9)
vypotitamevektory ds,d,,, tim ziskame ds,d, apolozime d = [df,dT]T.

xS

1dTBd+dTg+dTAd,
dT AR

4, Zvolime o > 0 tak,aby o > —

5. Spocitame maximalni délku kroku «; € (0,1) takovou, aby platilo s + asds > 0.

P(1) — P(0)

6. Vypocitame podil w = Qr(1)—Qr(0)"

Jeli w <0, zvolime A < ||d|| anavrat nakrok 3.
7. Spotitame maximalni délku kroku «,, € (0,1) takovou, aby platilo u + ay,d, > 0.
8. PoloZime z : =z +d;, s := s + asds, U := u + 0ydy.

9. Pokud w < w, polozime A := S||d|, pokud w < w, polozZime A := ~vA. Dée spocitame

min;er{siu;

Q—W A=0.1- m1n{1209,2} , polozime p = A\ Sour T anavrat nakrok 1.

5. Numerické experimenty

Vy%e uvedena metoda byla testovana v prostfedi UFO na tfech mnozinach, kazda z nich obsahuje
17 testovacich problémi s 1000 proménnymi. Vysledky jsou uvedeny v tabulce, kde jednotlivé sloupce
znamenaji

NIT - celkovy poCet iteraci

NFV - celkovy pocet vycideni funkéni hodnoty

NFG - celkovy pocet vycideni gradientu

NCG - celkovy pocet iteraci metody sdruzenych gradient(

NRS - celkovy potet restartll

TIME - celkovy Cas v sekundéach

NFAIL - celkovy potet problémi z dané mnoZiny, které se nepodarilo vyresit
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MnoZina | NIT NFVY NFG NCG NRS TIME NFAIL
1 1106 1171 8522 26060 10 10.53 1
2 904 998 6185 10521 8 6.77 1
3 544 625 3989 7545 8 8.36 1

Informace o systému UFO atestovanych prikladech |ze ziskat na adrese
http://www.cs.cas.cz/"luksan/test.html.
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Abstrakt

Clanek popistije vysledky analyzy charakteristik dostupnych softwareovych systémil pro genetickou
statistiku. Studie vzniklav ramci shromazdovani informaci o existujicim software pfi pripravé vlastniho
otevieného modularniho systému pro analyzu genetickych dat v EuroMISE Centru — Kardio.

1. Uvod

V souCasné dobgé existuji vice nez dvé stovky nejriiznéjSich softwareovych systémi vhodnych pro analyzu
genetickych dat. Jgjich tvlirci pochéazeji ze viech konéin (internetového) svéta, astejné tak jsou po internetu
roztrouSeny stranky, kde je mozné ziskat o software informace ¢i moznost si ho stahnout. | pFes existenci
nékolika malo seznaml, které jsou vice ¢ méné Uplné a vice & méné Casto aktualizovang, miize hledani
vhodného software pro analyzu pravé naSich dat trvat i tyden aani pak nemusime byt Gspésni.

V minulém roce vznikla v ramci EuroMISE Centra — Kardio iniciativa za vznik vlastniho otevieného
systému, ktery by nabidl vyzkumniklim (zejména lékafim a biologlim) jednoduchou moznost drobnych
analyz vlastnich dat, aniz by museli vynakladat (sili na u€eni se obecného software. Geneticka data maji
totiz svlij specificky charakter aaplikovat najejich analyzu obecny software ¢asto vyZzadujevhled odborného
statistika. Postupné se idea rozvinula do predstavy modularniho systému, ktery by byl intuitivni, otevieny
a tasem mohl pokryt kromé jednoduchych aplikaci také vysledky vyzkumnych aktivit Centra.

Soucasti pripravy setaké stal diikladny priizkum stavajiciho publikovaného software a otevienych systémt
pro analyzu genetickych dat. Kromé potvrzeni, Ze néco podobného nasi koncepci neni pro tuto chvili
zastoupeno, prinesla analyza fadu zajimavych faktll nejen o stavu, dostupnosti a slozitosti genetického
software, ale také o rliznych jazycich a platforméach, pro které je software vytvaren.
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2. Metody

Analyza byla zaloZzena na informacich shromézdénych v pravdépodobné nejkvalitngsim (nejlplngsim)
seznamu genetického software na |l i nkage. rockef el | er. edu/ sof t [1]. Ze seznamu byly extra
hovany objektivni informaceojazyce, platforméaobsahu; subjektivné bylapak kazdapol ozkavyhodnocena
podle dostupnych informaci co do velikosti a aktuanosti. Velikost software se pohybovalana stupnici maly
(jeden & nékolik mao spustitelnych souborll, zabyva se jednim tématem/algoritmem), stfedni (nékolik
metod/spustitelnych souborfi/témat) a komplexni (nahlizi data z nékolika Ghl{, aplikuje rlizné metody a
doplnky, starase o dataod kontroly z&pisu po zobrazeni). Aktuél nost bylahodnocenapodleroku posliedniho
update s hranici posednich pét let a pfed rokem 1990 (kategorie novy/vylepSovany; starsi, ale udrzo-
vany/pouzivany; stary, neudrzovany).

Obsah programu, tedy oblast genetické statistiky, kterou se zabyva, se ur€oval obtizné. Nakonec se kategorie
ustalily nanasledujicich: A (asociatni studie, véetné TDT acase-control), L (parametrickai neparametricka
vazebna analyza), G (hledani umisténi genu v genetické mapg, analyza QTL), M (tvofeni a prace s genet-
ickymi mapami), E (populactni charakteristiky), D (tvorba a sprava databaze), S (smulace), P (kresleni a
sprava rodokmentl), R (kresleni map), X (ur€ovani charakteristik rodokmenti véetné inference haplotyptl),
Y (vypocty velikosti souborli asily testl), H (pomocné programy nakonverzi dat mezi programy, kontrolu
chyb apod.).

3. Vysledky

V databazi [1] bylo nalezeno celkem 240 rliznych programil pro praci s genetickymi daty. Ve dvanécti
pripadech byl program jiz davno zahrnut do nékterého ze systémti az analyzy byl vyrazen. Celkem tak do
analyzy vstoupilo 228 polozek, 12 z nich (5%) se zcela chybgicimi hodnotami (nebylo mozno ziskat zadné
informace kromé nazvu, vyjimecné autora). Procenta jsou proto obvykle vztazena k po€tu 216 polozek s
alespon ngjakymi daty. Pfipomefime, Ze procentav tabulkach se ne vzdy stitaji do 100%, protoze nékteré
polozky vykazuji vice nez jez jeden aspekt jak zaméfeni, tak tfeba uzitého programovaciho jazyka nebo
operaniho systému.

3.1. Zamé&eni

Zamé&feni software v databazi (tabulka 1) se zda odpovidat rozloZeni zamil ve védecké obci. Nejsilngsi
pozici zaujima software pro vazebnou analyzu (26%), coz je v souladu stim, Ze vazebna analyza je typicky
nejCastgji a historicky nejdéle provadénym typem analyz. Neprekvapuje ani druh& pozice programii pro
asociatni studie (17%), které obvykle vazebnou analyzu doplfiuji a v posledni dobé si, zegménadiky TDT
a jeho variantam, ziskavaji oblibu. Pfekvapenim bylo vcelku malé mnoZstvi programl pro hledani QTL
(10%), které je vysvétlitelné existenci nékolikamalo velmi dobrych a propracovanych algoritm{l. Na rozdil
od vazebné analyzy, ktera pouzivavelké mnozstvi metod, ajegjichz velkou €ast neni slozité naprogramovat,
hledani QTL a umistovani genli do mapy je pomérné obtizné a vedlo k rozvinuti mala, ale dobrych
a rozsifené pouzivanych programil (Genehunter, MapMaker a jejich odvozeniny). Pomérné silngé byl v
databazi zastoupeny software pro vytvareni a zobrazovani genetickych map (celkem 15%) riizné kvality a
stari, pouzivany obvykle pro data z experimentalniho zivocisného arostlinného vyzkumu.

Stanovovanim populacnich charakteristik, které kromé alelickych frekvenci zahrnuji i testovani HWE a
rtizné miry genetické vzdaenosti a rozmanitosti, se zabyva jen malo software (5%), a to navic obvyklev
ramci komplexniho pohledu na geneticka data. Diikladné a samostatné se této problematice vénuje pouze
jeden nalezeny program, Svycarsky Arlequin.

Samostatnou kapitolu tvori skupinapomocného software, ktery zahrnujevice nez tfetinu software v databéazi
(celkem 36%). Patfi do néj jednak databazove systémy (8%), programy na vypocet velikosti souborti a sily
testll (4%), simulatni software (5%), velmi uziteény pro ovéfovani stabilnosti hypotéz astatitik, aprogramy
na kontrolu a konverzi dat (12%). Zajimavosti je, Ze programy na konverzi datovych formatd vznikaly
predeviim v dfivéSich dobach, nyni jsou zpravidla, vzhledem k postupujici standardizaci, automatickou
soucasti vétSich balik.
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kéd  obor pocet zastoupenych  procento zastoupenych

A asociatni studie 37 17%
L  vazebnaanayza 57 26%
G  umisténi genu 22 10%
M  tvofeni map 27 13%
R  kredeni map 6 3%
E  populatni charakteristiky 10 5%
D databaze 18 8%
S simulace 11 5%
P tvorbarodokmend 21 10%
X charakteristiky rodokment 18 8%
Y  pomocné vypotty 8 4%
H  pomocné programy 25 12%

Tabulka 1: Zastoupeni jednotlivych oborli (n=216)

Posledni velkou skupinu z téchto pomocnych programl tvofi software na kredeni rodokmenti (10%).
V tomto pfipadé se do databaze dostaly nejen programy dopliujici analyticky software, ale i komercni
programy pro praci praktickych |ékarti a genetickych poradcti a dokonce i komeréni kredlici software pro
kresleni rodinnych rodokmentl soukromniktl. Neni bez zajimavosti, Ze tento je ¢asto predrazeny vzhledem
k cenam licenci daleko schopnéjSiho software, nehledé k tomu, ze i mimo [1] 1ze k tomuto G€elu najit Fadu
open source programil. Témé&F polovina kresliciho software v databazi byla placena (10 z 21), na druhou
stranu tvoril tento v&tSinu (pfes 60%) placeného software (kterého bylo celkem 7%). Zbytek placeného
software tvorily zejména databaze (Casto i s moznosti kresleni) a komplexni analytické celky (SA.G.E.,
makrapro SAS, dvojice JoinMap aMapQTL apod.).

Zajimavy jerozdil mezi software z oboru G (umistovani genu) aL+A (vazebnaanalyza a asociacni studie)
vzhledem k zplisobu rozvijeni a vytvareni novych systémil. V oboru G se ¢asem vyprofilovaly dvé velké
skupiny zaloZzené na zakladnich algoritmech, Genehunter a MapMaker. Ostatni programy pak typicky
zakladni systémy né&akym zplisobem dopliiuji (rozsifeni pro rodokmeny s komplikovangsi strukturou,
pro dva bialelické lokusy, pro sourozence, kredlici doplnék) nebo zrychluji. Celkem tak software z téchto
dvou skupin tvori pfes polovinu programi ve svém oboru. V oboru L+A je situace jing, software tvori
rozmanitou smés, z niz vystupuji dvé vyrazngsi skupiny: Linkage s podobnou evoluci jako Genehunter
(zobecnovani, dopliky, pfipadné zrychleni — Allegro), ktera se soustfedi pouze na vazebnou analyzu, a
Pangaea, ktera je spise volnym, ale jednotné spravovanym uskupenim deviti programt réizného zaméfeni
od populatnich charakteristik pfes asociatni studie aZ po vazebnou analyzu akresleni rodokmen(l. Tyto dvé
rozdilné struktury dobie odrazeji kompaktni nebo naopak rozttistény charakter danych obor.

3.2. Rozsah a aktualnost

VEétSina programll byla zafazena do kategorie maly (45%, viz tabulka 2). To vypovida o tom, Ze znatna
Cast existujiciho software jsou zCasti malé spustitelné soubory, které si vyzkumnici pisi, aby aplikovali
prave jednu zkoumanou metodu, a z€asti pomocné utilitky, které se zabyvaji Upravou dat, zobrazovanim
a zkouSenim. PribliZzné tfetina software se zaradila do kategorie stfedni (36%) a 26 programil (12%) bylo
oznateno jako komplexni. V této skupiné se pochopitelné ocitly jednak Usp&sné celky typu Linkage,
Genehunter a MapMaker, jednak volna seskupeni drobnych utilit a programli (Pangaea, MKGST, linkage
utility programs), samostatné propracované jednotky jako Merlin, Arlequin, Madeline, Mendel, a také
komercni software jako makra pro SAS, SA.G.E, Progeny a GAP. Souvisost komeréniho software s
velikosti neni nahodna, placené programy tvori ¢tvrtinu mezi v&emi komplexnimi. Na druhou stranu je
velmi prijemné zjisténi, ze ve vech oborech analyz existuje dobry, rozvinuty a volné Sfitelny software,
ktery s navic dlouhodobym pouZzivanim ziskal jméno, jaké se komerénimu software ve sféfe genetické
statistiky bude ziskavat velmi tézko.
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velikost software  poCet  procento stari software pocet procento
komplexni 26 12% aktualni 111 51%
stfedni 77 36% starsi, dleudrzovany 95 44%
maly 97 45% stary 9 4%
Udgj nelze stanovit 16 7% Uda) nelze stanovit 1 1%
celkem 216 100% celkem 216 100%

Tabulka 2: Rozsah a aktualnost jednotlivych softwareovych systémll (n=216)

Z rozboru aktualnosti software v databazi (tabulka6) vyplynulapotésujici informace, Ze polovinaprogram
je nedavna nebo priibézné aktualizovana. UZivatel s tedy u velké Casti mlize byt jist, Ze software bude
fungovat dobfe (u aktualizovanych) nebo ze na jeho pfipominky k funkénosti bude nékdo reagovat a
program vylepSovat. Z tabulky vztahu stafi avelikosti programu (tabulka7) je pak patrny moderni pfiklon k
vétsim celklim, ktery odpovida postupnému vylepSovani, sdruzovani a zobechiovani genetického software.

komplexni  stfedni maly | celkem

starSi astary  pocCet 8 30 54 92
fadkove % 9% 33% 59% 100%

aktualni pocet 18 47 43 108
fadkové % 17% 44% 40% 100%

celkem pocet 26 77 97 200
fadkove % 13% 39% 49% 100%

Tabulka 3: Vztah aktualinosti arozsahu jednotlivych softwareovich systémil (n=216), p-hodnota x 2-testu 0, 0222

3.3. Jazyky aplatformy

Informace o jazycich a platformach byly sice zjiStovany objektivng, ale soucasnéjsou nejméné spolehlivym
zéznamem v databézi. Jednak velmi €asto informace o jazyku chybi (u 39 polozek, a nejen u komeréniho
software), jednak (daj o operatnich systémech zastarava, jak pfibyvaji nové verze, rozsifené pro dalsi
operatni systémy. Nékde bylo mozno (idaj dohledat na strankéach software, jinde se to nepodafilo. Presto
jsou vysledky pomérné vypovidajici.

VétSina software (59%, viz tabulka 4), zejména ten starSi, byla psana pro operatni systémy typu UNIX.
Dost velka ¢ast programii pracuje na PC na platformach Windows (36%) a DOS (30%, spoletné pak 58%).
Teprve v posledni dobé se objevuiji informace o verzich pro Linux (16%), coz miize byt zplisobeno jednak
tim, Ze vé&tSina pracovi¥ je historicky vybavena stroji s nékterym UNIXem, a jednak tim, Ze velka Cast
programi pro jiné platformy bude fungovat i pod Linuxem. Novinkou posledni doby jsou aplikace v Javé
pouzitelné nalibovolné platformé (2%). Celkem 18% programi bylo psano i pod jiné platformy (MacOS,
VMS).

operatni systéem  poCet zastoupenych  procento zastoupenych

UNIX 111 59%
Linux 29 16%
DOS 56 30%
Windows 67 36%
jiny 33 18%

Tabulka 4: Prehled cilovych operatnich systémil (n=187)

Pouzitym programovacim jazyklim vévodi C (40%, viz tabulka 5), nasledované vyrovnané C++, Pascalem
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a Fortranem (shodné 19%). Nékteré programy poZivaji kombinace rliznych jazykd, napf. Fortranu a C.

Databazovy software pouzivartizné databazove jazyky (FoxPro, Paradox, dBase).

programovaci jazyk  poCet zastoupenych  procento zastoupenych

C 107
C++ 144
Fortran 144
Pascal 143
Java 173
jiny 139

40%
19%
19%
19%
2%
21%

Tabulka 5: Pouzitych programovacich jazyktl (n=177)

4, Zaver

Analyza seznamu statistického software nal i nkage. r ockef el | er. edu/ sof t potvrdila rozsah a
pestrost, jakoz i Sifi zabéru systémil pro analyzu genetickych studii, a zaznamenala, Ze dost velka ¢ast
programii je stile spravovana, dopliiovana a vylepSovana. Ukazal se patrny trend k vytvareni vétSich
funkénich celkll, které budou provadét na jednéch datech viechny operace potfebné k analyze, a to bud
v ramci jednoho systému, nebo v rliznych programech, ale se stejnym datovym forméatem (standardem se

napriklad stavaformét Linkage).

Soucasné s témito zjisténimi se ukazalo, ze predstava a naplh nového otevieného systému pro genetickou
statistiku, tak jak vzniklav EuroMI SE Centru, neni dublovanajiz existujicim software, amasmysl pokraco-
vat v jehorealizaci. Zaroven je tfebavyzdvihnout fakt, ze diky této studii vznikladatabaze, ve které se bude
mozno orientovat 0 mnoho |&pe nez v textovych strankach [1], a vyhledani vhodného systému pro Gcely

analyzy nebude muset byt tolik imornou praci.

References

[1] webovastrankahtt p: //1i nkage. rockefel | er. edu/ soft

[2] weboveé stranky jednotlivého software

PhD Conference’03 78

ICS Prague



Modelling of resonance characteristic of piezoelectric

resonators
doktorand: 5 Skolitel :
PETR RALEK ZDENEK STRAKOS
Katedra modelovani procesi, FM TU v Liberci, Halkova6, Liberec 1 Oddgten vypogetnich metod, U1 AV CR, Pod vodarenskou vezi 2,
Praha8
petr.ralek@vslib.cz strakos@cs.cas.cz

obor studia:
Technicka kybernetika

Abstract

In this paper, we describe the finite element (FEM) model of the piezoelectric resonator based on the
physical description of the piezoel ectric material . Discretization of the problem then leadsto alarge sparse
linear algebraic system, which defines the generalized eigenvalue problem. Resonance frequencies are
subsequently found by solving this algebraic problem. The results of the testing problem are introduced
and other possihility for solving the eigenvalue problem, based on the connection of our problem with
algebraic problem occuring in the theory of control, is proposed.

1. PROBLEM DESCRIPTION

1.1. Physical description

Piezoelectric resonator is the thin stick or wafer made of the piezoelectric material, with two or more
electrodesonitssurface (see, e.g.,[2]). In consequence of harmonic electric loading, the resonator oscill ates.
The most important parameters, describing the behavior of the resonator, are its resonance frequencies
(or eigenfrequencies) - frequencies of the oscillations with maximal amplitudes in some characteristic
directions. A crystal made of piezoelectric material represents a structure in which the deformation and
electric field depend on each other. A deformation (impaction) of the crystal induces electric charge on
the crystal’s surface. On the other hand, subjecting a crystal to electric field causes its deformation. This
processis described by two state equations - the gener alized Hook’slaw (1) and the equation of the direct
piezoelectric effect (2), see, .9.[2]

Ti; = cijre - Sua + dijik - Ex, i,7 =1,2,3. D

Dy = drij - Sij + €xj - Ej k=1,2,3, (2
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where, asin al similar terms troughout the article, we will use the Einstein’s additive rule (e.9. a;;b; =

E?:l a;;b;). The Hook’s law (1) describes the dependence between the stress tensor T, the strain tensor

S and the vector of intensity of electric field E,

1[04; O,

Sii = = | — J i,7=1,2,3
1) 2|:(9.CL'J 6.7]1:|7 Z;J y &y
Ek:__6LP7 k=172,37

6$k

where @t = (iiy, 2, ii3) T is the displacement vector and ¢ is the electric potential. The strain tensor S
and the stress tensor T are symmetric [2]. The equation of the direct piezoelectric effect (2) describes the
dependence between the vector of electric flux density D, the strain and the intensity of electric field.
Quantities ¢; jx;, di;; and g5 represent symmetric material tensors,

Cijkl = Cjikl = Cijik = Ckiij, dijk = dikj = drij, €ij = €ji-

The state equations (1) and (2) represent a linear approximation of the thermodynamic state equations with
tensorsc; k1, disj @nde;; playing role of the material constants. ¢From the conditions of the thermodynamic
stability, tensors c;;r; and e;; have to be symmetric and positive definite (see, e.g., [4]).

Let us have the piezolectric resonator characterized by proper material tensors. The density of the material
is 0. We denote the volume of the resonator as (2 and its boundary asT'. There are two differential equations
governing the behavior of a piezoelectric continuum - the Newton’s law of motion (3) and the quasistatic
approximation to the Maxwell’s equation (4) (see [3])

&a; _ OTy
8t2 o 8mj

0 i=1,2,3, z€Q, te(0,7T), A3)

—V-D:—%:O. 4
aib'j
We will call them elastic and electric equations. If we replace T and D in (3) and (4) with the expressions
(1) and (2), we obtain

o*u; 0 1[du, , Oy o5\ .

Q@tQ - 8—%<cz]kl'§[a—w+6—%]_dz]k'%> 2—1;273a (5)
L0 (L [0 0u], 0g
0_6—37]c<_dkm 2|:6.’L'j+6$i:|+6k] 6.21']) (6)

Initial conditions, Dirichlet boundary conditions (on the part of the boundary T'; C T') and Neumann
boundary conditions (on 'y C I') are added:

@i (,0) = wg, 0
@ = 0 i=1,23 on Tyx(0T),

Tijnj = 0 1=1,2,3 on FQX(O,T),

¢(,0) = o,
¢ = ¢p on TI'; x (0,T),

Diny = 0 on FQX(O,T).

Wedon't consider loading with other outer, e.g. mechanical, forces. Assuming theharmonic el ectric potential
incoming to the resonator, we can separate time and space variables,

95 = (P(Z',y,Z) COSWt) (8)

where w isthe frequency of voltage and ¢ isitsamplitude. In (6), displacement i is determined by electric
potential @, which generates the oscillations. The changes of displacement delay to generating, but if we
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assume the steady undamped oscillation, we can expect, that the resonator will harmonic oscillate with the
same initiating frequency w, and separate time and space variables,

i = u(z,y, z) coswt, (9)

where u is the amplitude of oscillations. With respect to
0%,
ootz

substituting (9) and (8) into (5) and (6) gives the modified versions of elastic and electric equations, now
for the unknown amplitudesu and ¢,

— 2~
= —Ww ou;,

0 1 Buk 8ul 8(,0 .
2
—wP0 - ui= a0 | Cijit - 5 | ot | —dijr - o ) i =1,2,3, 10
wen 8.’1:]' (c gkl 2 [6$l + 8$k] Ik Bxk ‘ ( )
0 1[0u; Ou; Oy
0= — | —=dp;; - = | — + 222 .S 11
Oxy, ( kiity [83:]- + 6$,~]+6k1 8$j> (D
with the boundary conditions
u; = 0 1=1,2,3 on Iy, (12
¢ = ¢p on Ty,
Tijnj = 0 1= 1,2,3 on FQ,
Dixny = 0 on TI's.

1.2. Point of interest

In (10)-(12), the problem of steady undamped harmonic oscillations is defined. Now, our goal is to find
the eigenfreguencies of the system (10)-(11) - such real number w, for which exist functions u and ¢,
satisfying (10)-(11). Under the term resonance frequency we will mean these eigenfrequencies. If we define
the operators A and B as

. 1 Ooup Oy - Oy
Au,p) = 00z, (Cukl 2 [31‘1 + 6$k] dijk 3.Z'k)

then the resonance frequencies are the roots of the eigenvalues A, A = w?, from
A(u,p) = Au, (13)

where the electric potential ¢ is linked with the displacement u by the condition
B(u,p) =0. (14)

The eigenvector u corresponding to the eigenvalue A describes the mode of the oscillations. To identify the
mode of oscillations, it isadditional task needed for sufficient description of the behavior of the piezoelectric
resonator. We discretize the problem, using finite element method (FEM). Discretization of the problem
then leads to a large sparse linear algebraic system, which defines the generalized eigenvalue problem.
Resonance frequencies are subsequently found by solving this algebraic problem.

2. NUMERICAL SOLUTION

2.1. Weak formulation

Before we discretize the problem (10)-(12) and use the finite element method to get the linear system,
we establish the weak formulation of the problem (10)-(12). Equations (10), resp. (11) represent eneregy,
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resp. electric flux conservation. These equations are élliptic partial differential equations and its exact
solution must have continuous derivations to the 2nd order in Q. In fact, the requirements to the functions
smoothness is too strong. Usually, the energy conservation laws are described with integral principles
known from theoretical physic. So theideais to transform eguations (10), (11) "back” to the integral form,
containing derivations of lower ordersthan in original equations. This process, described in next paragraph,
is called weak formulation. We require the weak solution to fulfil integral equationsin certain functional
sence.

We deal with the standard weak formulation, derived e.g. in [5]. We consider bounded domain 2 with
Lipschitzianborder I. Let L,((2) bethe L ebesgeue space of functionssquareintegrablein Y, [, | f|* < +oo,

with scalar product (£, g)o = [, fgdQ2. Further, let C(>) (1) be functions, which, including derivatives of
all orders, are continuousin ©2. C{* () ¢ €*)(Q) contains the functions with compact support.

Further, let W2(1) (©2) be so-called Sobolev space, made of functions from L2 (2), which have so-called
generalized derivatives square integrablein 2 - there exist some function u® € Ly (£2) and the identity (15)
isfulfilled,

; _ oY () 6y
/Qu YdQ) = /Quaxidﬂ Vi € C(Q). (15)

For functions lying in C{*) (2), generalized derivatives are its classical derivatives. To express values of

functionu € Wz(l)(Q) on the border T, the trace of function u is established. If v € C(>)(Q), its values
on the border, we denote them «(.S), are unigely determined. For function u(.S) is the trace of the function
u € ) (Q)). For functionu € WM (Q)\C(>) (), there exist afunction sequence (u,) C Wi () such
that v = lim,_,« uy, and its trace can be defined as the function u(S) € L2(Q), which is a limit of the
sugeuence of traces

u(S) = lim u,(S) in L2(Q).

n— o0

The traces can be defined, in the same way, also for the derivatives of the functionsfrom WZ(” (Q).

Now, we define,
V(Q) = {vlv € WiV(Q), w|r, = 0inthesence of traces},

the subspace of W2(1) (€2), made of functions, which traces fulfil the homogenous boundary conditions.

We derive the weak formulation in the standard way (see e.g. [5]). We multiply the equations (5) with
testing functionsw; € V' (Q2), summarize and integrate them over 2. Aswell, we multiply the equation (6)
with testing function ¢ € V and integrate it over Q2. Using Green formula, we obtain the integral equalities
(integrals over the borders are denoted with sharp brackets)

1 Buk 8’1” 8wz 2
ikl 5| At A a3 ) — i Wi 1
<CW 2[6301 +5$k] 6%')9 (gw ! w)g 10
Ad = ={(T: - n. w:
(d”k 637]'76371')9 < ! nj,wz>r27
1[0u; Oui]| 0¢ Op 0¢
(i - 5 - i oo ) =(Dnio) 17
(djk 2|:8.’17k + 6.’17,:| 8.’L'j>Q+(E] 61‘,’ 81'])9 < N ¢>I‘2 ( )
Due to the symmetry of material tensors, we can modify equations (16) and (17),
o M[0we  Ow ) 10w Owil\ (b
(c”kl 2 [6:31 + &"ck]’ 2 [635]- + 6wl]>9 (gw i Wi Q (18)
Op 1[0w; Ow;
N dy - =2 = = (T -n,; w;
(d”k 8.1']'72[8.’1,‘]' + 6-77;:|>Q < Y n”wz>p27
1[0u; Oui]| 0¢ Op 0¢
- jik * o s ji " . v . =(D ’ . 1
(dJ k 2 |:8.’17k + 6.’17,:| 8.’L'j>Q+(E] 61‘,’ 81'])9 < N ¢>I‘2 ( 9)
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Let usdenote

1 aui 8'ILJ' 1 8wi 611}]' ..

== == |=— =1,2,3.

S” 2|:6.CL'J + 6$z:|, R” 2|:8.’L'] + 6.CL‘,:|7 b ’ 73
Substitution of boundary conditions (12) into equations (18) and (19) gives (integrals over the border are

zeros)
2 dyp
ikt - Ski, Rij | — | ow ug,w; | —|{ diji - 6—;Rij =0, (20)
Q Q Zj Q
o¢ dp 09

~( djit - Sik» o iy | = 0. 21
(dﬂk S 5$1>Q+<€J O 3%‘)9 0 ()

Weak solution: Letup = (u1,us,u3) € [WHQ))2, ¢p € W(Q) satisfy the Dirichlet boundary
conditions (in the weak sence). Further, let ug = (u1,uz2,u3) € [WH(Q)]3, @0 € WL(Q) be functions,
for which equalities (20) and (21) are observed for al choices of testing functionsw = (w;,ws,ws) €
[V(Q)]3, ¢ e V(Q). Thenwe define the weak solution of the problem (10)-(12) as

u=up+uy, ¢ =¢p+po.

2.2. Discretization

X 1///

Figure 1: Discretization of the crystal into layers and prismatic elements and an example of division of an prismatic
elements into three simplex elements 0125, 0153 a 1534

Finite element method looks for a certain approximation of weak solution. We disretize the area €2 into
the set of finite elements, where specia base functions are established. Now, weak solution as the linear
combination of these base functions is looked for. The part up, pp of the weak solution, satisfying the
Dirichlet boundary conditions, can be explicitly expressed in the linear system, resulting from discretization
of the problem (20), (21). It will be introduced later. For computing an aproximation of the homogenous
part of the weak solution of our problem, we divide the area 2 (which is the volume of the resonator), in
two steps, to the finite set E* of disjoint tetrahedrons covering the volume (first part - shown in the fig. 1
left - isthe division into the layers and prizmatic elements, second part - fig. 1 right- is the division of the
prizmatic elements into the tethrahedrons),

a~0"=(Je [Jzm=0

ecEh JjEJ
For each element e € E", we define the function space V" (e) and its basis " (e)

{¢"|supp(¢") C e, ¢" € Wi(e), ¢"|oc =0},
{5 (z,y,2)i =1,2,3,4}.

Vi(e)
" (e)
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Base functions are defined by its values at the nodes s/ of the element and have to satisfy
¢f(3j) = 8ij, ,j=1,2,3,4.

On each simplex, four linear base functions are established. The approximations of the electric potential
and displacement in whole Q" are

ul(z) = > ulgl(x), uleR, xe€Q, =123, (22)
redh

eMx) = D Pehx), ¢ eR, xeq,
predh

where " denotes the set of all base functions. These approximations are piecewise linear on each element.
Coefficientsin thelinear combination arethe values of thefunctionsu and ¢ inthe nodesof division. Let the
nodes of the division and proper base functions be numbered (¢%, ..., ¢%). We substitute the approximations
(22) into integral equalities (20) and (21). We requireto them to be fulfilled for all base functions ¢, s € 7,

h ph 2 h ik oo n
Cijkt - Spp Ryj ) — | ow ug's @5 | — | dijk - Oz Rij ) =0,
Q Q 3 Q

ogh aph At
— .. .qh s P S = (.
(d”k Sik: Oz >g+ (Eﬂ Oz;’ dzj ) 0

To satisfy the above equations, the system of linear algebraic equations has to be fulfiled. The system hasa
block shape

U
Ky .. K My; .. M, |PL .. PT ui 0
Kgl . Kgr M21 . MQT ]P)'lrz ]P;g Ué
—w2
K’rl - K'I“T M’rl .- M’rT ]P);_I;. PE‘T ’U/; — , (23)
]Pll Plr ]Ell ]Elr ug
]le ]PQT E21 EQT 901
: : : : 2
Py .. P, By .. E. 0
(pr

whereK,,, M, € R*3,P,, € R E,, € R. Theprocess of derivation of the system matrix isin detail
described in [6]. Let us write the system (23) as

() (9)-()

Thesubmatrix K € R3™" istheelastic matrix, M € R?™3" isthemassmatrix, P € R"™3" isthe piezoelectric
matrixandE € R™" istheelectric matrix. Dueto the symmetry and positive definiteness of material tensors,
thematricesKK, M, E are symmetric and positive definite. Further, thewhol e system matrix (24) issymmetric.
U € R?, resp. V € R" are values (of amplitudes) of displacement, resp. electric potential at the nodes of
division. The matrices are sparse - the pg-th block of each submatrix is nonzero only if p-th and ¢-th node
of division have common edge.

2.3. Algebraic problem

After dicretization of the problem (10)-(12), we have obtained the system (24), where w is the independent
parameter. As was mentioned in the paragraph [1.2], the resonance frequenciesare the eigenvaluesfrom the
problem (13)-(14). This eigenproblem corresponds to the generalized eigenvalue problem,

(5% 5 )(v)=(%0)(V) 2
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andw = v/ isthe resonance frequency, if there exist real number X and real nonzero vectors U, V and (25)
isfulfilled. The part U of the eigenvector describes the shape of the oscillationsand it is called the mode of
the oscillation. The set of eigenfrequencies and proper eigenvectors describes the natural oscillation of the
piezoelectric system.

Equation (25) can be written in two equations

KU —PTV = MU, (26)
PU—-EV = 0. (27)

The matrix E is positive definite and thereforeit isinvertible. From (27) we have
V =E"'PU
and (26) can be written as
[K —PTE'P]U = AMU. (28)

So the generalized eigenproblem (25) isequivalent to the generalized symmetric definite elgenvalue problem
(28). In practice, we are not interested in all eigenvalues. The basic modes of oscillation belong to the first
few of them.

2.4. Boundary conditions

We deal with Dirichlet boundary conditions (12) for displacement and electric potential. The introduction
of the boundary conditions is sketched on the fig. 2. First is the case of homogenous boundary conditions
for displacement u. Let there be in some nodes prescribed zero displacements (on the fig.2 marked with
gray color). Then proper columns of the matrix (marked with gray color) are multiplied by zeros and can be
eliminated. So can be eliminated the prescribed variables from the vector of unknowns. Now, the number
of equation is bigger than the number of unknows, thus the rows (marked with gray color) belonging to the
known variables can be eliminated. The qualities of the matrix remain the same, only its size decreases.

In the case of nonhomogenous Dirichlet boundary conditions for electric potential, there are some differ-
ences. The part of the vector with prescribed values is marked with the grid. The proper columns of the
matrix are multiplied by prescribed vlaues and the resulting vector formstheright side of the linear system.
The rows (marked with the grid) belonging to the known variables can be eliminated.

Thelinear system with right side results, with deflated matrix,

(2 T)(3)-(2)

The system matrix has the same properties as the matrix of the original system (24). In (29), at first the
generalized eigenvalue problem, analogic to (25), has to be solved. Then, for given eigenvalue ), the
particular solution W = (W1, W») ™ of the system

K—AM -—PT U\ _ (R
—P E V) Ry
has to be found, being the linear combination of all eigenvectors,

W = PZ,

where P is the matrix, which columns are eigenvectors, Z is the real vector of the coefficients of the linear
combination.

2.5. Computer implementation

For discretization and compilation of the global matrix, we have developed our own code. For solving the
eigenvalue problem (26), we use the procedures from the Lapack++, resp. Arpack++ library, available on
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Figure 2: Introduction of boundary conditionsinto the linear system

the internet. ¢From Lapack++ (see [3]), we use algorithm based on generalized Schur decomposition. This
algorithm solves the complete eigenvalue problem. ¢From Arpack++ (see [4]), we use algorithm based on
shift-invert method combined with LU factorization. This algorithm, in contrast to Lapack++ code, solves
the partial eigenvalue problem and deal with the fact, that matrices are sparse.

2.6. New approach planned for solving the algebraic problem

The matrix from (24) has similar scheme as so called system matrix resulting from problems of computing
zeros of alinear multivariable system (see[7] or [8]),

AI—A -B X\ _ [0
C D v/ \0)’
whereV istheinput vector and X isthe state vector of the system. The zeros are the generalized eigenvalues

A of the matrix pencil (30),
AI-A -C
(M54 ) @

Equations (26)-(27) can be premultiplied by M—! and eigenvalue problem (25) is equivalent to the problem
Al -M-'K M'PT U\_ [0
M~'P M 'E v) \Lo0)’
with the matrix having the similar scheme as system matrix (30) (it is a specia symmetric case of (30)).

Also the characteristic of the linear multivariable systems corresponds, in certain sence, to the physical base
of our problem (electric potential playsthe role of input vector, displacement is state vector of the system).

For computing generalized eigenvalues of (30) an algorithm based on the QZ method is developed and in
detail discussed in [7]. We propose to use this algorithm for solving the eigenvalue problem (25).

3. TESTING PROBLEM

The designed FEM model was calibrated and verified on the longitudinally vibrating narrow quartz XYt-j
-cut rods (for j = 0° — 5°) with equivalent thickness. Both large sides of resonator are covered by silver
electrodes. The resonator isfixed in the center of itslength, thusthe problem is symmetric and we can solve
it for one half of the resonator (this problem was publicated in [1]).

Boundary conditions: ¢ = 4. at the electrodes, u = 0 at the nodal line of odd vibrations (in the center
largesides). Zero displacementsareal so entered on the planes going through the nodal line of odd vibrations.
These planes are supposed in two modifications: u = 0 in the plane norma to the length of resonator, or
u = 0 in the nodal plane of longitudinal vibrations. The definition of the second plane depends on the cut
(see[2]) and the planeis not exactly normal to the length of the resonator. This second condition represents
more accurate the physical reality.

PhD Conference’03 86 ICS Prague



3.1. Numerical realisation

The resonator was divided into prismatic elements (fig. 3) and then each of the prismatic element was
divided into four tetrahedrons. For eigenvalue problem, Lapack++, resp. Arpack++ solvers were used.
The computation was repeated several times with refined meshes. Computed frequencies of longitudinally

Figure 3: The mesh - prismatic elements

vibrations are compared with the measured frequencies (publicated in [1]) in the table below.

measured averagevalue (Hz)  deviation max.(Hz) deviationmin.(Hz) « computed values
67846 +123 -114 0° 68,55 - 103
68653 +67 =51 2° 68,82 - 103
70205 +60 -119 5° 69,05 - 103

In the figure (4), the convergence of computed frequencies (to the value 68.82 kHz), in dependance on
number of elements, is shown. The Arpack++ code was rather faster then the L apack++ code.
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Figure 4: Convergence of the resonance frequency to the value 68, 82 - 102 Hz

Figure5: Demonstration of longitudinally vibrations
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4. CONCLUSION

The mathematical model for computing the resonance frequencies of the piezoel ectric resonator has been
built. The results of the described model approximate well the measured results for tested, simply shaped
(rod or dlide), resonators. It seems that our model can have real application, e.g. in desining shapes of the
resonators vibrating with required frequencies. The correspondence with the measured results increases
for more fine meshes. Of coursg, it involves to solve the eigenvalue problems with very large matrices.
Nowadays, the use of the more sofisticated numerical algorithm (mentioned in the paragraph [2.6]) for
solving the eigenvalue problem is proposed.
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Abstract

The aim was to validate the estimate of coronary heart disease risk derived from the Framingham
Heart Study (FHS). In the 20-year intervention study of the risk factors of atherosclerosis (STULONG),
the accuracy of the Framingham coronary heart disease risk was evaluated by the Receiver Operating
Characteristic (ROC) curve and chi-sguare goodness of the fit test. During 10 years from the entry into
STULONG, 141 CHD were predicted and 116 observed among 1 125 men aged of 38-53 yearsat theentry
into STULONG in 1975-1979. No significant difference was found between the expected and observed
numbers. According to the ROC curve, the Framingham coronary heart disease risk classified the men
from STULONG into those with and without devel oping CHD within 10-year period with 74% accuracy.
The work suggested that the Framingham risk seemed to be afair indicator of acoronary heart disease for
men of STULONG.

1. Introduction

The cardiovascular diseases (CV D) isthe name for the group of disorders of the heart and blood vessels and
includefor instance coronary heart disease (CHD) and cerebrovascul ar disease (stroke). CV D are onesof the
most common diseases in the Czech Republic and most of the developed world. In 1999, CVD contributed
to athird of global deaths, low and middle income countries contributed to 78 % of CVD deaths. By 2010
CVD isestimated to be the leading cause of death in developing countries. The risk factors of CVD include
eg. advancing age, cigarette smoking, hypertension, hypercholesterolaemia, obesity, physical inactivity,
unhealthy diet, seeht t p: / / www. who. i nt/ car di ovascul ar _di seases/priorities/en/.

The aim isto develop the global preventive strategy to reduce the incidence and mortality of CVD among
high risk population by effectively reducing CVD risk factors. The task is how to identify person free
of CVvD with high probability (risk) of developing CVD within a certain time period. Epidemiologists,
statisticians and other health workers have been working on methods of producing a probability (an absolute
risk) estimate of developing CvD [1], [2], [3], [7], [9], [10], [1]].
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In the Czech Republic, one of the most used predictive models estimating the probability of developing
CHD isthe model of the Framingham Heart Study investigators[1]. Subsequent Framingham models have
been based on larger and more recent follow-up and used better predictive variables and more sophisticated
statistical methods[3].

The objective of this paper was to validate the Framingham coronary heart disease prediction [1] in the
longitudinal study of the risk factors of atherosclerosis (RFA) launched in Prague in the year 1975.

2. Materialsand methods

Thelongitudinal study of therisk factorsof atherosclerosis (STULONG)

STULONG is the intervention prime preventive study with multiple risk factor intervention, which was
conducted by 2nd Dep. of Internal Medicine, 1st Faculty of Medicineand General Faculty Hospital, Charles
University in Prague 2 in 1975-1999. Originally, STULONG was a part of a national wide study “National
primary preventive multifactorial study of myocardial infarction and stroke” in former Czechoslovakia (in
the study more than 10 000 subjects should be included) [6].

In1975total 2370 men aged 38—49livinginthe 2nd district in the centre of Prague (Prague 2) wererandomly
selected from list of electors. It was the 50 % sample of men of that age who were living in Prague 2 in
1975. Of 2370 invited men, 1417 (59.8 %) men answered the invitation and underwent entry examination
in 1975-1979. Entry questionnaire included questions on demographic and personal data (marital status,
education, working physical activity, leisure physical activity, smoking, alcohol drinking, coffee drinking,
tee drinking, personal and family anamnesis, chest pain, lower limbs pain, breathlesness) and results of
physical (height, weight, diastolic blood pressure (BP), systolic BP, skinfolds), laboratory (cholesterol level,
triglyceridy, uric acid) and ECG (el ectrocardiography) measurements.

According to health status and occurrence of RFA (see Table 1) at the entry into the study, each man was
classified into one of three groups (normal, risk and pathological) differing in way of multiple risk factor
intervention in the 20—year follow-up, see Figure

Table 1: Therisk factors of atherosclerosisat the entry into the study in1975-1979

Positive family history | death on the atherosclerotic diseases before the age of 65 years in the parents

Obesity Broccaindex (Bl)>115 %, where Bl=weight[kg] /(height[m] — 100) - 100 %

Smoking >15 cigarettes daily; or non-smoker less than one year and > 15 cigarettes daily before

Hypertension blood pressure >160 and/or 95 mmHg in two of three measurements; or hypertension in
anamnesis

Hypercholesterolaemia | tota cholesterol >260mg % (6.7 mmol/l)

Normal Group (NG) included men without any RFA mentioned in Table 3, without CV D, without diabetes
mellitus, without other serious disease not enabling long term follow-up and without pathological finding
on ECG curveat the entry into the study. NG was randomly divided into two groups. normal group regularly
examined (NGE, n = 40) and norma group regularly unexamined (NGN, n = 236). NGE was yearly
examined by specialists from 2nd Dep. of Internal Medicine. If RFA (obesity, smoking, hypertension,
hyperlipaemia) was detected specidistsinitiated pharmacological and non pharmacological (feeding habits,
physical activity, smoking etc.) intervention of RFA. If detected RFA, man was examined in 2nd Dep. of
Internal Medicine as needed. The control questionnairewasfilled out once ayear. The control questionnaire
was consistent with entry questionnaire except question on family anamnesis excluded in the control
guestionnaire, and question on feeding habitsextraincluded in the control questionnaire. NGE was examined
by specialists from 2nd Dep. of Internal Medicine once in 8th-13th year from the entry into the study. If
CVD was detected, man was offset in the pathologic group, i.e. in the next years man was not investigated
within the study.

Risk group (RG) included men with at |east one of RFA (Table 3), without CV D, diabetes mellitus and other

PhD Conference’03 20 ICS Prague



sample
(n=2370)
ENTRY study
EXAMINATION (n=1417)
19751979 /
NG RG
(n=276) (n=859)
20-YEAR
FOLLOW-UP | NGE NGN RIG RCG PG NC
19751999 | (n=40)| |(n=236) (n=427)[  |(n=432) (n=114) (n=168)
v since 1980 ¥
RG

NG normal group, NGE normal group examined, NGN normal group unexamined, RG risk group,
RIC risk intervention group, RCG risk control group, PG pathological group, NC unclassified group

Figure 1: Design of theintervene prime preventive study of atherosclerosis (STULONG)

serious disease not enabling long term follow-up and without pathological finding on ECG curve at the
entry into the study. RG was randomised into two subgroups: risk intervention group (RIG, n = 427) and
risk control group (RCG, n = 432). Pharmacological and non-pharmacological intervention of RFA in RIG
was performed by specialists from 2nd Dep. of Internal Medicine, RCG was under health care of general
practitioners. In both groups, the control questionnaire introduced above (see Normal group) was filled out
once a year by the specialist from 2nd Dep. of Internal Medicine. Since early eighties of the last century,
the groups RIG and RCG had been melting, mainly for ethic reasons[8].

Pathological group (PG) included men with CVD, diabetes mellitus or other serious disease not enabling
long term follow-up or with pathological finding on ECG curve at the entry into the study.

The Framingham Heart study (FHS)

FHS is the prospective cohort study started in 1948 and continuing up to this day. The original objective
of the Framingham Heart Study was to identify the risk factors that contribute to CVD developing. The
original study cohort consisted of 5209 respondents of arandom sample of 2/3 of adults, 30 to 62 years of
age, residing in Framingham, M assachusetts, USA in 1948. The Offspring Study was initiated in 1971 when
the need for establishing a prospective epidemiologic study of young adults was recognized. A sample of
5135 men and women, consisting of the offspring of the original cohort and their spouses, was established,
seehtt p: // www. nhl bi . ni h. gov/ about/fram ngham desi gn. ht m

In 1991, the Framingham CHD risk function was derived from 2590 men at the age of 30 to 74 years,
who were free of cardiovascular disease (stroke, transient ischemia, CHD, congestive heart failure and
intermittent claudication) at the time of examinationsin 1971-1974[1]. The Framingham function of

age[years],

systolic blood pressure (SBD — average of two office measurements) [mmHg],
cholesterol (total serum cholesterol) [mg/dl],

high density lipoprotein cholesterol (HDL) [mg/dl],

smoking (1, cigarette smoking or quit within past year; 0, otherwise),

diabetes (1, diabetes; 0, otherwise) and

electrocardiography — left ventricular hypertrophy (ECG LVH) (1, definite; O, otherwise)
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was estimated to predict CHD developing within 4-12 years. There are some differences in the equation
calculation of CHD risk for men and women. For men, the predicted probability (p) of CHD within ¢ years
is

p=1—exp(—e"), D
where
1 —_
u = o8(®) “
ag

o = exp (—0.3155 — 0.2784 - m),
©=4.41818 + m,
m = a — 1.4792 - log(age) — 0.1759 - diabetes,
a =11.1122-0.9119-1log(SBP) —0.2767 - smoking— 0.7181 - log(cholesterol /HDL) — 0.5864 - ECG LV H.

Statistical methods

In STULONG, the Framingham CHD risk was estimated according to (1), on the assumption that HDL is
equal to 38.66 mg/dl (thelevel of HDL wasnot ascertained at the entry) . Theaccuracy of risk to predict CHD
within 10-year period was evaluated by the Receiver Operating Characteristic (ROC) curve and chi-square
goodness of thefit test.

3. Resaults

Out of 1248 men from the normal and the risk groups, 123 men without information on all risk factors at
the entry into the study were excluded from the statistical analysis. The statistical analysis did not involve
the men from the pathological group either.

For 1125 out of 1248 men from the normal and the risk groups, the characteristics of risk factors at the
entry into the study are shown in Table 2. At the entry into the study, none of 1125 men suffered from
diabetes mellitus and left ventricular hypertrophy, 53 % of men were smokers.

Table 2: Age, systolic blood pressure (SBD), diastolic blood pressure (DBD) and total cholesterol (TCH) of men at
the entry into the study (n = 1125)

Variable | Mean | Std.Dev. | Min | Max
Age 46.1 3.6 380 | 530
SBP 131.6 18.0 90.0 | 210.0
DBP 83.5 115 50.0 | 135.0
TCH 6.0 1.2 2.9 12.2

The men were divided into four categories according to the value of the Framingham coronary heart disease
risk, see Table 3. During 10 yearsfrom the entry into the study, 141 CHD were predicted, and 116 observed.
No significant difference was found between the expected and observed numbers. The cumulative number
of the observed CHD is shown on Figure 2.

According to the ROC curve, the Framingham CHD risk classified the men free of CHD at the entry into the
study into those with and without CHD within 10 years with 74 % accuracy, see Figure 3 — the area under
the ROC curve is representing 74 %. The sensitivity of the diagnostic test (i.e. the Framingham CHD risk
>14 % at the entry into the study) was 69 %, the specificity 68 %.
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Table 3: Number of men (n) and the observed and expected numbers of coronary heart diseases (CHD) during 10 years
from the entry into the study

Framingham risk n Observed | Expected
at the entry into the study CHD (%) | CHD (%)
<5 58 0.0 4.1
<5,10) 349 4.0 7.8
<10, 15) 377 8.0 124
<15, 20) 244 16.8 17.2
>20 97 320 23.6
Tota 1125 10.3 125
140
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Figure 2: The cumulative number of heart coronary heart disease (CHD)

4. Discussion

Validation of the Framingham coronary heart disease prediction is the aim of epidemiological studies. The
Framingham CHD prediction functions perform well among whites and blacks in different settings and can

be applied to other ethnic groups after recalibration for differing prevalences of risk factors and underlying
rates of CHD events[4].

The validity of external predictive modelsis assessing [4] by

e comparison relative risk factors between external and studied populations,
e discrimination, and

e cdibration.

The aim of the work was to validate the Framingham risk function derived from FHS in STULONG,
i.e. in men of the Czech Republic. We used the methods of discrimination and calibration to validate the
Framingham coronary heart disease prediction.

Discrimination is the ability of a prediction model to separate the group being tested into those with and
without the disease in question. The ability of the Framingham CHD risk prediction to discriminate between
men who developed CHD within 10-year from the entry into the study and those who did not was good
(74 %). Thevaluesof the sensitivity and the specificity of the diagnostictest (i.e. the Framingham CHD risk)
were comparable, when the Framingham CHD risk of 14 % was chosen as the bordeline. The sensitivity
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Figure 3: Receiver Operating Characteristic (ROC) curve (FPF—Fal se Positive Fraction, TPF—True Positive Fraction)

of 69 % was the proportion of men with CHD in 10—year follow-up who test positive, i.e. the Framingham
CHD risk >14 % at the entry into the study. The specificity of 68 % was the proportion of men without
CHD in 10—year follow-up who test negative, i.e. the Framingham CHD risk <14 % at the entry.

Calibration measures how closely the expected number of disease in question agrees with the observed
number. In STULONG, 141 CHD were predicted, 116 observed. No significant difference was found
between the expected and observed numbers.

Thefurther goals

The further goals of our work are

o toidentify subjectsin STULONG whose the Framignham estimate of absolute risk failed,
o to develop adjustmentsin the FHS risk equation for population the Czech Republic, and

o to validate other predictive models derived from European population.

Conclusion

The work suggested that the Framingham risk seemed to be a fair indicator of a coronary heart disease in
men from STULONG.

The study was supported by the project LNOOB107 of the Ministry of Education of CR.
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Abstract

The aim of this paper is to discuss application of aternative, entropy-based target functions on
multilayer neural networks, comparing themwith frequently used |east square error function E = (y—d)>.
Cross-entropy function and mutual information function based on Shannon entropy are discussed. Genetic
trainingisused in order to alow use of potentially non-continuous and non-differentiable target functions,
such as the Shannon entropy function. The research is till in progress; the article presents preliminary
results the proposed methods achieved when applied on the real-life problem of stock price prediction.

1. Introduction

Thiswork deals with the model of multi-layer neural networks. The model is widely known; the definition
can be found for example in [8]. Multi-layer neural networks employ supervised training, using a finite
training set T' = {(&;,d;)} of pairs of input vectors and desired output vectors. The aim of training is
to find such parameters of the network (weights, thresholds) that minimise a target function E(d;;, ys;).
summed over all the output neuronsand all thetraining patterns, wherey;; standsfor theactual output of the
network’s j-th output neuron for the i-th training input. Because we will work with networkswith asingle
output neurons, we will, for simplification, omit the indices in the following text and use d and y when
speaking about scalars (the network’s output for a single training pattern) and d and ¢ when discussing the
vectors of the network’s output on the whole training set.

Rummelhart ([8]) proposed least square error function E = (y — d)? as the target function and it is widely
used till today. Its advantages 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 problemswithout requiring a specific knowledge about the character of the problem.
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The author’s previous works have studied alternative target functions based on effort to teach the network
some specific knowledge. The basic idea of thisapproach isthat the least square error functionistoo general
and cannot express particular pieces of knowledge we may have about a specific problem. We proposed
to use biquadratic target functions [5], relief error networks [6] and genetically trained neural networks
allowing for arbitrary target functions [7] in order to express more specific target functions and teach the
network the extra knowledge. The results have shown that this method is feasible. Networks trained using
the mentioned specific target functions had better results and improved generalisation on atesting problem
in comparison with those employing the standard least-sgquare error function.

Thisarticlerepresentsadifferent way for research. Theaimisto propose and test alternativetarget functions
which are general in the sense mentioned above, i.e. which do not require specific knowledge on top of the
training set. In particular, we focused on entropy-based target functions.

2. Entropy

Entropy is a quantity originating in thermodynamics, describing the measure of disorder in a system. This
in another words meansthat it describes al so the measure of information contained within a system. We will
use this fact when applying entropy-based functions as target functionsfor neural networks.

Thefirst of the functions we propose is the cross-entropy function:*

1-—
Ec:(dmgﬁﬂl—dﬂnf—ﬂ), d,y € (0,1). 1)

Inorder to beableto usethisfunction asatarget function for neural networkstrained by the Back-Propagation
training algorithm, we need to compute its derivative according to y:

—d 1—y 1-d 1-d d
+1-d) Y . )

9E. _ . - —
B 1—d (1-d? 1-y vy

Ly ¢
Oy d 2

We can seethat E, = 0 if and only if d = y; the minimum of E islocated in these points. For the graph of
E., seeFigurel.

The other target function we will propose in this article is based on the Shannon entropy. We will define
this measure using probability distribution (for more information, see for example [2]). Let us have an
observable z with the probability density du/dz. Let us cover the space of the prospectivevaluesof X with
B digoint bins P; of equal side length. Let

m=Aww) ©)

be the probability that z fallsinto the j-th bin. The Shannon entropy of the observable z is then defined as

H(z)=— Y pjlnp; @)

4ip(§)#0

Similarly, we define joint Shannon entropy of two observables, z and y, with probability densities dyu, /dz,
dp, /dy. The number of binsis the square of the number of bins used for the observables separately, as each

1In fact, we use the negative value of this function, because we will minimise it.
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Figure 1: The cross-entropy target function

combination is examined. Let
po= [ dul@)du(y (5)

denote the probability that 2 fallsinto the i-th bin and y falls into the j-th bin. The joint Shannon entropy
of observablesz, y isthen defined as

H(z,y)=— > pijlnp;. (6)
ijipis #0
Note that:
y=d= H(z)=H(y) = H(z,y), M

because only the diagona bins (: = j) are non-empty in the joint Shannon entropy and p;; defined in the
joint entropy equals p; from the individual entropies for every i. In the opposite case, when both z and y
represent uniform random distribution, i.e. they are completely independent on each other,

B? B
1 1 1 1
1 1

The target function we will useisthe inverted value? of the normalised mutual information function, and it

2Because we will use the function as fitness function for genetic algorithms and therefore maximise it.
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is defined as follows.

Es(dg) = % ©

Equations (7) and (8) imply that ES(J: ) equals 2 for d = 7 and limits to 1 for independent d and 7,
represented by random noise with uniform distribution. Our aim therefore is to maximise Eg. We however
cannot employ the Back-Propagation algorithm because from definitions (4), (6), (9), neither H(z) nor
H(z,y) havederivativein y, and therefore Es does not haveit, either. We must thus employ an alternative
teaching method; genetic training was chosen for its general character — it enables use of any type of target
function.

3. BP-Training

Thanks to the fact that cross-entropy target function (1) has a derivative in y, we may employ the Back-
Propagation algorithm for itstraining. For detailed information about this algorithm, see e.g. [8]. Let usjust
remind that it is based on adaptation of the neural networks' parameters as follows:

old OF

new
P WISEE

w = w (10)

where « is the learning rate. It represents the speed of learning. Target function plays a direct role in the
case of an output neuron, where it holds:

o8 _ 0B 0y
ow; Oy Ow; Y

(11)

The first partial derivative in this equation is derived in (2); the second one, as well as derivation of the
weight changesin the hidden neurons, is the same asin the original BP-training algorithm.

4. Genetic Training

Networksusing the Shannon-entropy based target function (9) will betrained by meansof genetic algorithms.
Thesea gorithms (seefor example[4] for more detailed information) perform distributed cooperating search
inthe solution space. Each prospective solution iscodedin theform of achromosome, astring of one-bit, two-
bit or real values. Each chromosome is assigned a fitness, which measures how suitable the corresponding
solutionis. The GA maximisesthefitness using genetic operatorson apopulation of chromosomes. Selection
ensures the overall improvement of fitness, crossover combines schemesin existing chromosomesin order
to create new patternsin new chromosomes and mutation makes random modifications, helping the system
to produce new prospective solutions and avoid local minima.

When training neural networksusing GAs, the chromosomecan consist of real-val ued genes, each represent-
ing asingle parameter of the network — aweight or athreshold. The fitness of such chromosome-network
isthe value of the target function E's applied on the network and the training set.

Genetic training of neural networksusually has several drawbacks compared to gradient methods— it tends
to be dower and itsresultsare poorer. On the other hand, it does not suffer from thelocal minimaproblem so
much. However, the main benefit of genetic training for usisthat it allows usage of general target functions.
The aim of the research, whose preliminary results are presented in this work, is to discover whether the
benefitsfrom the use of thistarget functionwill balance (and hopefully outperform) the drawbacksof genetic
training.
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5. Stock Price Prediction

We have compared the performance of networks trained using the proposed target functions with those
using the least-square error function on the problem of stock price prediction. The aim was to predict the
stock price change in the following trading day, knowing a history of (five) previous price changes and
additional information about thelast trading day, such asthe volume of trade, the position of thelatest known
price in the long-term history, the supply/demand ratio etc. The raw data from the stock exchange were
subject to extensive pre-processing. It was for example necessary to transform the outputs of the network,
which represent the expected price change, i.e. generally a real number, into the interval (0, 1), because it
isrequired by the target function (1). This was achieved by transformation using the sigmoidal function

1
T 14e v

y=1r) (12)

Among other pre-processing methodstherewase.g. application of the Principal Component Analysis (PCA)
(see[3]) on the data. The PCA normalisesthe data and therefore increases the performance of training.

We used Matlab as the platform for programming the experiments. Matlab’'s Neural Network toolbox was
used, together with the author’ simplementation of alternativetarget functions. In order to implement genetic
training, we haveinterconnected this toolbox with a GA toolbox developed by Houck, Joines and Kay ([1]).
Series of experimentswere carried out, in order to determine and tune the parameters of the tested methods;
theresultsare, however still preliminary. We used the same architecture (9-15-1) for both the standard least-
square error function and the alternative target functions, in order to keep the conditions of the compared
models as similar as possible.

Firstly, let us deal with the cross-entropy target function (1), trained using the Back-Propagation training
algorithm. This target function has shown to be very sensitive on the learning rate. The reason is that
lim, 0 %Q = —oo and lim,_,; %Eya = oo (see (2)). Valuesy = 0 and y = 1 after pre-processing of
the data represent infinite slump and growth of the stock price, respectively, (see (12)) and similar extreme
valuestherefore should not appear in atrained network; they may however appear in afresh network that has
been created randomly and has not undergone much training yet. This problem may be solved by applying
avery low learning rate «.. This however makes the training process very slow, and increases the risk of
getting stuck in a (very) local minimum. Therefore, we have chosen a method of variable learning rate. At
the beginning of the training, when the chance of extreme values of y is larger, a islow (2.5 - 1074). Itis
then doubled twice, after 100th and 200th iteration of the Back-Propagation, when it thus reaches 1 - 1073,
Thislimits the problem of diverging changes of network parameter to a managesable level.

Thetraining processwith the use of target function (1) showsonemore, positive, interesting feature. With the
exception of the above-mentioned ” pathologic” cases of diverging changes of the parameters, the networks
tend to achieve very similar results when lower and higher values of learning rate o are used.® This suggests
that networks using this function are apparently less tending to get stuck in alocal minima.

As regards the normalised mutual information target function (9) and genetic training, the networks with
architecture 9-15-1 have 150 weights and 16 thresholds and each network was thus represented by a real-
value chromosome with 166 genes. For sake of speed, population was limited by the maximum of 50
chromosomes. The computation of the target function Eg is rather slow, as it requires computation of
histograms of size B for the individual Shannon entropy and of size B? for the joint Shannon entropy.
Moreover, a feature of genetic neural network training generally is that in order to compute the fitness of a
chromosome (e.g. when applying selection operator), we must apply the neural network onthewholetraining
set. The length of computation of other genetic operators also depends on the number of chromosomesin
the population. Therefore, this number had to be kept low.

We used the roul ette wheel selection operator, which selects achromosomewith the probability proportional

3The training time is indeed different.
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to its fitness. The mechanism of elitism was employed so that the best chromosome from the population
always survived. Arithmetic crossover was employed. This operator produces two complimentary linear
combinations of real-valued parent chromosomes (X, Y):

X'=rX+(1-r)Y (13)

Y'=1-r)X +71Y, (14

based on arandom value r € U(0,1). Uniform mutation randomly selects one gene in one chromosome
and assigns it a uniform random number from the permitted space of values (interval (—10,10) was used
asthe permitted space for the gene values).* The probabilities of crossover and mutation were 0.15 and 0.5,
respectively.

In order to estimate and compare generalisation abilities of the methods, we divided the known data into
atraining 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 compared the proposed methods by carrying out 100 experiments. During each of them, three networks
weretrained - one using the standard |east-square error function and one using each of the proposed target
functions (1) and (9). 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 100 experiments; it was
however the same for all three target functions tested.

Target function | Set | Squareerror | Direction correctness | Profit
LSE Train 0.033 81.9% 0.478%
Test 0.051 72.0% 0.165%
@) Train 0.041 76.4% 0.333%
Test 0.048 72.1% 0.194%
9) Train 0.218 70.9% 0.092%
Test 0.226 67.2% 0.079%

Table 1: Comparison of performance of the least-square error function and of the proposed target functions on the
problem of stock price prediction, separately for the training set and the test set. The first and second couple
of rows contain the results for networks trained by BP-training algorithm and applying the least-square error
function and the cross-entropy function, respectively. Thethird couple presents the results of networkstrained
genetically, using the normalised mutual information. Several measures of success are presented - summed-
square error, direction correctness (the percentage of correct prediction of price rise/decrease) and an average
daily profit model.

As we can see, the two alternative target functions have produced very different results. As regards the
outcomes on the tests set, the cross-entropy function (1) has exceeded the least-square error functionin al
three measures used — the direction correctness, the summed square error itself(!) and, above al, the profit
model.

The fact that the results on the test set were better even though the results on the training set were worse
than in the case of the standard error function suggests that the generalisation ability of the cross-entropy
function is better. The cross-entropy function was also significantly faster (it needed only 273 training
cycles in average to achieve these results, in comparison with 953 cycles in the case of the least=square
error function).

“4For detailed definition of the mentioned genetic operators, see [1].

PhD Conference’03 101 ICS Prague



On the other hand, the outcome of the normalised mutual information function (9) are worse, both on the
training and the test set. One of the reasons may be the high time complexity of training using this target
function; it was therefore not yet possible to test larger populations and tune the parameters of the tested
networks and genetic algorithms appropriately.

Let us however stress that these results are not bad either — the direction correctnessis close to 70% and
the average net (including transaction costs) daily profit (though only modelled) is approaching 0.1% daily.
Moreover, we can note that the results of the networks trained using function (9) are very similar for the
training set and for thetest set. Thissuggestsgood generalisation abilities of thistarget function. Thefact that
these networks tend to give "trading advices’ (i.e. predict a share price change higher than the transaction
costs) more often than those trained using the least-square error is promising as well; the author’s previous
works ([5],[6],[7]) suggest that " more courageous’ predictions were awarded by higher profit.

6. Conclusion

Thisarticle proposed two types of alternative entropy-based target functionsfor multilayer neural networks.
One of them is based on the cross-entropy function and employs standard Back-Propagation training
algorithm, the other is normalised mutual information based on Shannon entropy and employs genetic
training.

Theoretic derivation of the appropriate functions, their properties and training methods was accompanied
by preliminary results of their testing on a rea-life sample problem — stock price prediction. The results
of the cross-entropy function exceeded those achieved by networks trained by the standard least-square
error function; the results of the mutual information function were worse. Both alternative target functions
proposed in this paper show better generalisation abilities.

The future work in this field will include further thorough tuning of the systems’ parameters. Moretimeis
needed above all in the case of the model based on Shannon entropy, whose results are not very good so far,
partially due to the very time-consuming character of its training. Further work is also needed to speed up
this method. Alternative functions based on these and other entropies offer awide field for research, and as
the results of the cross-entropy function suggest, the outcome may be worth the effort.
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Abstract

Standard GUHA [3] data mining methods are for crisp, i.e. two-valued {yes, no}, data. We develop
algorithms to exploit continuous data in a natural way. The task is motivated by growing amount of bio-
logical datathat come from microarray experiments. We describe data representations which are suitable
for logical transformations based on gene expression regulations. We define multitudina quantification
on fuzzy data. Next to it, we make series of such quantifiers and we describe their features.

1. Introduction

There is growing amount of biological data which are usable for data mining procedures. Microarray
experiments are promising source of such data. Result from one microarray experiment is an amount of
floating point numbers. The amount is frequently thousands of values. One such value indicates a level of
expression of one specific gene (i.e. production level of its coded protein). Thus, data from one experiment
describe how particular genesare expressed under specific experimental conditions. One set of experimental
conditions can be a specific tissue, cancer cells, etc. Collection of values from several experiments can be
viewed as data matrix where objects (rows) are experiments and attributes (columns) are genes. Data from
onerow areusually called an expression profile. The challengeisexploration of rel ationsbetween expression
levels of particular genes. The goa of this work is to provide methods which are suitable for data mining
on the data collections introduced above.

Genes (that are four-symbol sequences along DNA molecules) code protein sequences. Protein production
according to DNA sequences is called gene expression. The expression process is mediated by mRNA
molecules. Amountsof MRNAsof particular genesdeterminelevelsof their expressionsand thusregulations.
Therearedevel oped technicsto extract, label and identify mRNAsfrom biological materials(e.g. microarray
experiments) [2]. Experimental results (i.e. expression values) are gained primarily as light signals. There
are two main classes for the light signals. Firgt, the signals can directly reflect expression levels under
investigated conditions. Second, the signals can reflect ratios between expression levels under investigated
and reference conditions. The first possibility suffers from the fact that absolute values of the light signals
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depend on variable values of experiment parameters. Ratios between expression levels of individual genes
are the relevant data. The second possibility suffers from unknown exact expression levels under reference
conditions.

Number of researchers design and develop methods to extract information from microarray experiments
data. There are standard methods to transform and normalize the data [5]. Data normalization reflects the
fact that positive and negative regulations contain information of the same importance. Thus, values of the
same greatness should be taken from expression values which are either k-times higher than or k-times
lower than basic expression values. It is yielded by logarithming the data. There should be performed some
divisions of data by chosen standard values before doing the logarithm. Mean (or another base) value of
data from one experiment is an essential divisor in case of experiments without paired mMRNAs. The most
common current technicsfor datamining itself comprise gene clustering and expression profile comparison.
Clustering methods are used to find similarly regulated genes. Profile comparisons are used for diagnosis
(i.e. classification) purposes.

2. Datarepresentation

Interval [—1, 1] is chosen as a hatural way to express negative regulation (i.e. interval [—1,0)), basic value
(i.e. 0 value), and positive regulation (i.e. interval (0, 1]). Higher values are for greater levels of gene
expressions, lower values are for lesser levels of gene expressions. We write termsin scope of propositional
logic language in this section.

There can be found four classes of mappingswhich play roles of conjunctionsand disunctions. First, let us
evaluate proposition which says that both gene a and gene b are activated. Result value of this conjunction
should be (may nongtrictly) lower than input values. Second, let us evaluate proposition which says that at
least one of genesa and b is activated. Result value of this disjunction should be (may nonstrictly) higher
than input values. Situation is opposite to the above if we want to make formulas on gene inhibitions.
We need to do formulas on combinations of both activations and inhibitions as well. General solution of
this situation is the usage of 2-tuples that are to be assigned to formulas. Thus, each formula has both its
evauation and its assigned 2-tuple. Every 2-tuple has both its values at interval [0, 1]. There has to be one
more operation, say " opposite”, which has one argument. This operation exchangesthe first and the second
2-tuple values of its argument. The operation has a role which somewhat resembles negation. Doubling the
opposite resultsinto the initial formula. Evaluation of aformulaisthe first value of its 2-tuple. The second
value of the 2-tupleis the evaluation of aformulawith the opposite meaning.

It is obvious that " opposite of (a and b)” should be equivalent to " (opposite of a) and (opposite of b)” if
we want to preserve natural meaning of the connectives. In other words: "inhibition of both genesa and b”
means " inhibition of gene a and inhibition of gene b”. All the other classical connectives can be used in the
same way. Thus, the oppositeis, say, outer operation. All the other operations are, say, inner operations.

L et usdo an exampleto makeit moreclear. Consider formulason single genesa and b, with assigned 2-tuple
{a1, a2}, {b1, b2}. Thefirst values (i.e. a;, by) mean activation levels of the genes a, b. The second values
(i.e. az, b2) mean inhibition levels of the genes a, b. Formula of "gene a is activated” has assigned 2-tuple
{a1, a2} andisevaluated as a; . More complex formulais, for example, " both genesa and b are activated”.
It has assigned 2-tuple {a; and b1, a2 and b2} and itsevaluationisa; and b;. The 2-tuple{a2, a1 } expresses
regulation values which are opposite to that of genea. It can be used in construction of formulaslike” gene
a isinhibited or gene b is activated”. Its assigned 2-tupleis {az or b1, a1 or b2} and its evaluation is as or
b1.

Taken it all together, correct formulas are basic ones and composite ones. Basic formulas are of form
"object o isactivated”, their assigned 2-tuplesare {01, 0, } and their evaluationsare o, . Composite formulas
are made from other formulas by the "outer” operation of opposite and "inner” operations conjunction,
disunction and possibly other ones like implication, coimplication and negation. Formula created by the
opposite from ¢, ({¢1, ¢}, ¢1) is of form —¢, i.e. "opposite of ¢”. It has assigned 2-tuple { ¢, ¢1} and
an evaluation ¢,. Formulacreated by an inner binary (unary respectively) operation op from ¢, ¢ formulas,
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(¢ formularespectively), isof formop(¢,1), (op(¢) respectively). Itsassigned 2-tupleisof form {op(¢1,41),
op(#2,12)}, ({0p(41), op(¢2)} respectively).

Up to now, we have considered formulas as abstract ones with assigned 2-tuples. But there is a question:
How to obtain the 2-tuple assignment for basic formulas. We have to take two values which fit in interval
[0, 1] from one value (label it by "v") that fitsin interval [—1, 1]. Lower (higher respectively) is the initial
value, lesser (greater respectively) should be the first value of the pair and greater (lesser respectively)
should be the second value of the pair. Let us consider there is some basic (Iabel it by z) value (zero value
was considered in the beginning of this section) which means thereis no activation and no inhibition. The
2-tupleis {distance(v,z), 0} in case of high (positive) values, {0, distance(v,z)} in case of low (negative)
values, and {0, 0} in case of equality of v and z.

It can be generalized as shown at Figure 1. The intervals for activation and inhibition values can be in
different relative positions. They can, for example, overlap or have nonzero distance. It can be described
by a set of connected relations. We assume some symmetry conditions, since there is no prerequisite need
for any asymmetry. The class of models can be, of course, directly generalized to contain asymmetrical
situations.

First, we have output of double use of the opposite operation equal to theinput. Intermsitis —(—¢); = ¢;,
i € {1,2} for assigned 2-tuple values and ¢ formula, or without equality operation ¢ — —(—¢) and
—(—¢) — ¢ for ¢ formula. These ones hold for every formula. We have more holding relations when we
restrict ourselves to basic formulas and their opposites. Let us assume a set of new formulas |, that are
labeled by parameter o € [0, 1]. Evaluation of each formulal, is «, the second values of their assigned
2-tuples can be arbitrary, e.g. zero. Then we have two sets of formula pairs ¢;, v;, which means: when we
have proved ¢;, we can deduce ;. Formulasin the first set are ¢; = I, — a and ¢»; = —a — g where
a is any basic formula or its n-times repested opposite. Formulas in the second set are ¢; = a — |, and
¥; = ls = —a where a is again any basic formula or its n-times repeated opposite. Distinct classes of
models differ in valuesfor «, 3, 7, and § which can be used for correct deduction pairs.

First, let us consider modelswhich fit to situations A, B at Figure 1. Thenthevalid valuesareeach 8 € [0, 1]
with each a € (0,1], 8 = 1 witha =0, § = 0 with each v € [0, 1]. Second, let us consider models which
fit to situation C. Then the valid values are each 8 € [0, 1] with each a € [n0, 1], each § € [p0, 1] with
each a € (0,n0), B = 1 witha = 0, each § € [p0,1] withy = 0, § = 0 with each v € (0,1]. We set
p0 = n0 for the purpose of symmetry. Third, let us consider models which fit to situation D. Then the valid
valuesareeach § € [0,1] witha = 1, 8 = 1 witheach a € (0,1], each§ € [0,1] withy =0,5 =0
with each -y € (0, 1]. The other situation cases are somewhat unnatural from the point of regulatory view
- positive regulation values are lesser than negative regulation values. However, there can be some other
needsfor such models. Fourth, let us consider modelswhich fit to situation E. Then thevalid values are each
B € [pl,1]witha =1,3 =1witheacha € [0,1), each § € [0, 1] witheachy € [0,n1], each § € [0, p1]
with each~ € (n1,1), § = 0 withy = 1. We again set symmetry condition p1 = nl. Fifth, let us consider
models which fit to situations F, G. Then the valid valuesare § = 1 with each o € [0, 1], each § = [0, 1]
with eachy € [0,1), § = 0 with~ = 1. It should be noted that the formula pairs are not valid for arbitrary
composite formulain place of formulapositions a. Let us set the model B as the default model.

There is nothing new from logical point of view when we restrict ourselves to inner operations. In such
a case, the 2-tuples can be neglected and we have the class of standard fuzzy logics. The operation
of opposite brings new formulas and their evaluations. The formula pairs stated above can be used as
a deduction extension. One another extension which isinspired by the above one, uses the outer relation as
negation, not the opposite. In such a case, there is a connection between inner operations: conjunction is
paired with disjunction and implication is paired with coimplication. The pairing involves assigned 2-tuples
making. Assigned 2-tuple of a formula of conjunction (¢, ¢) is {conjunction (¢, ¢), digunction (¢, 1)}
and reversely for disunction. Assigned 2-tuple of a formula of implication (¢, v) is {implication (¢, ),
coimplication (¢, 1)} and reversely for coimplication. There is again the need for two values for each
basic formula. However, the second values are negations and not oppositesin this case. This results in the
same outputs as classical predicate calculus when we restrict ourselves into crisp, i.e.{0, 1}, values with
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Figure1: Resection of initial [—1, 1] valuation interval into two [0, 1] intervals. Positive regulation ranges from p0 to
pl, negative regulation ranges from n0 to n1. Arrow pointsto greater expression values.

classical negationsfor assigned 2-tuples of basic formulas. For example, ” outer negation (disjunction (outer
negation (¢), outer negation (1)))” is equivalent to " conjunction (¢, ¥)”. In the next, we use symbol of z
for evaluation value of ¢, symbol of y for evaluation value of .

After having structure for formulabuilding, it is necessary to choose evaluation rules for inner operations.
Inner operations which are needful for data mining, are conjunction and disunction. The initial model
building bids min{1, log,(r® + r¥ — 1)}, »r > 1 (labdl it s,), where r is the base used for logarithm
in data normalization. Such operation is archimedean nilpotent t-conorm with s,.(0.5,0.5) < 1. It moves
its input values back to the original interval (before logarithming), carries out Lukasiewicz conorm and
then it brings result back. Limits of s, conorms with r;. — 1, r — oo respectively, are Lukasiewicz,
maximum respectively, conorms. The s, conorms can be defined for r € (0, 1) too. Note that the latter s,
cases need to have set a convention of log,. t = oo for r € (0,1) and ¢ < 0. Such s, conorms are again
nilpotent archimedean ones. Limits of the s,. conormswithr_ — 1, ry — 0 respectively, are Lukasiewicz,
drastic respectively, conorms. Thereis standard way to maket-norms(i.e. "and” connectives) from conorms
(i.e. "or” connectives) and vice versa. It uses standard negation N = 1 — z; in fact, it can use any strong
negation. It is T'(z,y) = N(S(N(z), N(y))) where T is t-norm, S is conorm and N is the standard
negation. Label the result t-norm with ¢,.. Unfortunately, ¢, and s, enumerations are computation intensive
for nonlimit cases. There are standard operations which are usually used for conjunction and disunction
computations. They are minimum and maximum, their enumerationsarefast - it isnecessary in high volume
number crunching.

The outer operation can be gained by operations which extend implication-like operations beyond zero
ground. Result of the opposite on z is given as output value of "extended operation (z, 0)”. It is notable
that it is similar to gaining the negation from residual implication. There is more than one possibility how
to doit. It can be done by changing the implication from Lukasiewicz logic by setting the neutral element
to zero. Theresult 0 + y — = is gained from origina min{1,1 + y — z). More direct way is the usage
of coimplication which belongs to Lukasiewicz conorm. Then we just omit maximization, i.e. we have
y — z from origina max{0,y — z}. One more way is the usage of mean-implication. As implications are
gained from normes, i.e. operations which downsize values, and coimplications are gained from conorms,
i.e. operationswhich upsize values, mean-implicationsare gained (by an appropriate definition) from means,
i.e. operations which makes averages. In such a case, we can use arithmetic mean as the mean operation.
Original mean-implication min{0, max{1, 2y — =} is extended to 2y — =.

Some points herein evoke notion of uninorms[1]. However, there are used 2-tuplesfor formulaevaluations
in the situation which is described above. It is not available in uninorms. We can restrict ourselves to the
default model (see figure 1, situation B) and to operations of the opposite and conjunction. Then we have
model where one value of each 2-tuple is zero. In such a case, we can move the model back to single
valueswhich are frominterval [—1, 1]. It is not possible if we want to use either digunction or model with
overlapping intervals. Asaresult, we have functionswhich are dual to uninorms, they are nullnorms. While
uninorms move values to border values, nullnorms move values to the central value. From this point of
view, conjunctions of general model with assigned 2-tuples can be called dinorms.
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While implications together with norms (co-implications together with co-norms respectively) can be
directly used for proofs of one (zero respectively) validity of formulas, mean-implications have more
difficult utilization. Binary averaging operations which are non-decreasing in both arguments, and which
have their outputs strictly between input values whenever the inputs are not equal, are not associative. It
hardens their utilizations. Nevertheless, we can use them combined with mean-implications without direct
nesting the means. Formulaswhich are made purely from mean-implications, variablesand border constants,
say 0 and 1, have simpleevaluations. Sel ect the rightmost symbol whichiseither variable or border constant,
from the formula. If the selected symbol is a border constant, evaluation is always equal to the constant.
Evaluation containsboth border constantswhenever the selected symbol isavariable. In addition, evaluation
results form the hole [0, 1] interval if the used mean-implication is continuous. For example, it holdsin the
case of arithmeticmean, i.e. (z + y) /2 and its mean-implication, i.e. min{0, max{1, 2y — z}. One example
of aformulawhere both mean operation (label it mo) and its mean-implication (label it mi) are used: mi (z,
mo(z, 1)). Itsevauation is 1 for every mean operation (as introduced above) and its residual implication.

3. Multitudination

The previous section was devoted to propositional kinds of logic. Now, we have to consider predicate
calculus. Data mining makes heavy utilization of generalized quantifiers. While there are situations where
general predicate calculus is needed, we restrict ourselves to unary predicate calculus. It means that we
make use of single database tables, and properties are described in terms of single objects (i.e. single rows
in databasetables). Thesituationis till fruitful enough. General characterization of datafeaturesis done by
quantifiers. We usually want to expressthat most of data objects containssome property. Classical quantifiers
express situations when every objects contains or one object contains the property. It is not sufficient in
thefield of data mining. Thus, generalized quantifiers are used, e.g. 90% of objects contain some property.
Next thing we want to do, is to characterize relations between some properties. For example, there is
minority of objects which have just one of two given properties (it expresses associativity). Such (binary)
quantifiers are over pairs of formulas. The former case can be gained from the latter one by usage of one
property and one constant as quantifier inputs. There are two main classes of binary generalized quantifiers:
associative and multitudinal ones. Associativity can be vied as function characterization from both sides of
its valuation graph. Clustering technics can be viewed as applying some generalized associative quantifiers
on input (fuzzy) data. Thereis amount of such technics. Note that we take interest in fuzzy quantifiers[4],
i.e. quantifiers with fuzzy output.

Multitudinal quantifiers express situations where high level of one property assures high level of another
property. It can be partly viewed as kind of regression where we count just errorswhich are caused by cases
which lie below some regression curve. Together with it, we do not lay stress on parts of the regression line
where there can not be error cases at al. Another differenceis that we do not fit curves but we search for
fitting compared variables. Let us have alook from gene regulation point of view. Natural interpretation is
such that alevel of occurrenceof some combination of generegulationsguarantees(i.e. it issufficient but not
necessary condition for) the samelevel of another combination of generegulations. Theformer combination
is described by formula called antecedent, the latter one is described by formula called succedent. Such
properties are easy to describein the area of crisp data values. In such a case, there are used fourfold tables
with values a, b, ¢, and d. Value of a is count of cases where both antecedent and succedent occur, value
of b is count of cases where antecedent occurs but not so succedent. The last two values are for the other
cases. A featureis multitudinal if it is diminished neither with increase of "a” value nor with decrease of " b”
value. There are developed multitudinal quantifiers over formulason crisp data, e.g. a/(a + b), but thereis
adesert field in the case of formulas on fuzzy data. We try to cultivate the field.

Label general antecedent formulawith ¢, its evaluation fuzzy value with z, and general succedent formula
with ), its evaluation fuzzy value with y. It should be noted that the word of fuzzy does not mean that the
data are somehow unknown. It just means that the data can range from 0 to 1. In fact, they can be from
another nonempty interval. Then the symbol of 1 is used for maximum and the symbol of 0 is used for
minimum. There can be done many generalizations of the crisp multitudinality into the fuzzy area. It is
caused by the fact that the value of a (b respectively) in classical fourfold table can be gained as satisfaction
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(nonsatisfaction respectively) of ¢ — « under condition of ¢, 1) under condition of ¢, ¢p&+ under condition
of ¢, and many other different ones. In all the cases, thereis no relevance of valueswhich are under condition
where ¢ does not hold. Models under situation when we have fuzzy data, can be more easily understood
with 3-dimensional valuation diagrams inside [0, 1]* boxes. They are replacement for fourfold tables. We
use 2-dimensional diagrams with valuation contours because of their simplicity.

Figure 2 shows schemas of three basic situations. The model A reflects situation wherewrong cases arethose
with reached level of ¢ not accompanied with the level of . The situation respectsimplication ¢ — 1. The
model B reflects situation where 1» does not depend on ¢. The situation respects gation of . The model C
reflects situation where we need both ¢ and . The situation respects conjunction ¢&1). Each case which
is taken from data, falls somewhere onto the square of a chosen model. It takes its evaluation in this way.
Occurrences from fourfold tables (i.e. crisp data models) fall onto corners of a chosen square. Model A
respects the required assurance of formulalevelswithout any addition. The other models are unnecessarily
severe. In fact, model B respects search for s which do not depend on ¢s. Model C requires high levels
of ¢s even under low levels of ¢s. It has no support in initial requirements. Thus model A fills best the
demanded conditions. It should be noted that the three shown models are just single representants of classes
of models which have the depicted properties. The three models are chosen because of their continuity and
linearity.

y%/y' Y| o
0

0o X 1 0 X 1 0 X 1

A B C

Figure 2: Model (evaluation) squares for formula pairs. The shown cases are representants of three general classes of
models.

Quantifiers have to use all the evaluations in a given model set and create an output value. We have to
put higher stress on cases which fall more right onto the model square, to retain multitudinal character. In
fact, the cases where ¢ have evaluation 1, should have the greatest importance (i.e. weight). Let us scale
the maximum onto value 1. Cases where ¢ has evaluation 0, should have zero level weight, i.e. should be
neglected. Weight of any case should not be involved by evaluation of 4. Such conditions are both natural
and in concordance with multitudinality on crisp data. Thus, weight function on cases can be expressed as
function with oneinput, i.e. z - the evaluation of ¢, and one output, the weight. The function is from [0, 1]
into [0, 1]. Label the function with F' (for force). Then F(0) = 0, F((1) = 1, and F should be continuous
and nondecreasing, since discontinuity points or decrease areas are both unnatural and without reasoning.
We can have various weighting functions of such kind. Some of them are shown at Figure 3. The model A
showstwo classes: less than linearily proportional stress on lower ¢ levels (below {0,0} — {1, 1} diagonal)
and greater than linearily proportional stress on lower ¢ levels (above {0,0} — {1, 1} diagonal). They can
besuchas F(z) = 2%, F(z) = 1 — /(1 — z?) for thelowers, F(z) = \/z, F(z) = /(1 — (1 — z)?) for
the uppers. The model B shows linear (in parts) weights, for example, the most simple one F'(z) = x. The
model C shows cases where lower ¢ levels tend to be neglected and higher ¢ levelstend to be taken nearly
the same as maximal ones. It can be F(z) = 3z% — 2z3.

Now, we can put down general definitions of two kinds of fuzzy multitudinal quantifiers on fuzzy data. We
can have weak and strong multitudinal quantifiers. Weak fuzzy multitudinal quantifiers on fuzzy data are
such mappingsfrom [ J;2 , [0, 1]**2 into [0, 1] that their restrictionson crisp data are multitudinal quantifier
with respect to the standard definition on fourfold tables. Strong fuzzy multitudinal quantifiers on fuzzy
data are mappings from (J;-_, [0, 1]"*2 into [0, 1] which satisfy several conditions. First, the quantifiers
are nondecreasing in values at the second positions of pairs that lies inside input n-tuples. Second, change
of any pair (inside n-tuple input) which has its values {1, 0}, into a pair with any other values does not

PhD Conference’03 108 ICS Prague



F(x) F(x) F(x)

0 x 10 x 10 x 1
A B C

Figure 3: Several examples of weight F' functions.

decrease quantifier output. Third, change of any pair (inside n-tuple input) into a pair with its values {1, 1}
does not decrease quantifier output. Fourth, the quantifiers areinvariant to addition and removal of any pair
which has zero valuein its first position, to/from any input n-tuple whenever n # 0. Fifth, the quantifiers
areinvariant to permutations of pairsinside input n-tuples.

Such definitions are somewhat weak because they allow, for example, mappings with constant output. It
holdsin the case of multitudinal quantifierson crisp datatoo. We should realize that usage of shown squares
for direct output computations is just one possibility. Quantifiers which fulfill natural requirements for
multitudinality, can be more complex. In fact, we do not know apriory how complex they can be and what
can be the ways for their evaluations. The upcoming task is to find multitudinal quantifiers which do not
have unwanted features. The definitions have some rationa properties too, e.g. each strong multitudinal
quantifier isweak multitudinal quantifier. It can be viewed from changesof {1, 0}, {1, 1} pairsand additions
and removalsof {0, y} pairs. While general definitionsallow usage of all the three model sintroduced above
(seeFigure 2), we confine ourselvesto situationswhich are similar to themodel A. They aregenerally model
squares of implications (with weights). There are three basic implications which are main representants of
such models. They are residual implications of continuoust-norms: L ukasiewicz, product and Goedel ones.
Valuation squares with contour lines are good ai ds to understand particular cases. The squares are shown at
Figure4.

1 1 1
y| 1 y| 1 y| 1
05, : -
0 10 10 71
A B C

Figure4: Model squaresfor three basic implications.

The case A is the evaluation square for Lukasiewicz implication, the case B is the evaluation square for
product implication, and the case C is the evaluation square for Goedel implication. The Lukasiewicz
implication is continuous, product implication is not continuous at {0, 0} point, Goedel implication is not
continuous at {z, z} points. Continuity is important in case of search for natura relations because nature
generally behaves continuously. Since the implication evaluations are just parts of quantifier computations,
the discontinuity points can possibly be overcome. It is notable that product implication separates the
lower right triangle in equal ratios of higher and lower values. It is preserved after usage of any weighting
F function. Lukasiewicz implication results in greater regions of higher values, Goedel implication do
it reversely. It is partially attenuated by usage of weighting F functions. We describe several classes of
multitudinal quantifiers below.

Weighted (by F' functions) arithmetical means of implication evaluations are multitudinal quantifiers. The
weightsare gained by forces described above. Label implication evaluation withi(z, y), the quantifierswith
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Quwm,i,r, (wm for weighted mean, F for the used force (weighting) function). Then we have

2[F(z) xi(z,y)]
2 F(x)

where x ismultiplication. Recall that x is evaluation of ¢, and y is evaluation of ¢). Summation is done over
al the data objects, each object (i.e. experiment in the scope of our investigation) is taken exactly once.
Accuracy of the computed mean can be outlined by awell known estimation of its variance

S = R ((zFu)) * Y [F(z) * (i(2,y) — Qum,i,r)?]
52 = sray * LIF @) * (i(2,9) — Qum,i,F)?]

me zF(¢ "vb)

where s2, is for F'(z) values taken as weights, s2 is for F(z) values interpreted as counts of occurrences.
Qum,i,r quantifiers are both weak and strong fuzzy multitudinal quantifiers on fuzzy data. Weak multi-
tudinality is easy to see, QQwm,i,; Used on crisp data is just a/(a + b) for any F'(z) and i(z,y). Strong
multitudinality can be proved taking the conditionsone by one. We explore several cases of these quantifiers.
Continuous weighting functions which are zero valued at point {0, 0}, combined with Lukasiewicz and
product implications lead to continuous quantifiers. It is not so in the case of Goedel implication. Let us
take F(z) = z, theidentity (label it I(x)). Then, we have

L ... Lukasiewicz me L I(¢ ,(p) :c*mmz{:lwl_pyfz}]
P ... Product Qum.pr(®,0) = me{w,y}

where the summation isover all the data objects, as usually. Usage of Q ., p,r l€adsto the fastest nontrivial
computation if we consider Qm,;,r quantifiers with £ weightings which are 0 (1 respectively) valued in
0 (1 respectively) point only. Summations have to be done in sake of nontriviality and minimum isjust one
condition, i.e. faster than any numerical computation. Usage of Lukasiewicz or Goedel implications can be
faster if the weighting function practically separates [0, 1] interval onto two parts where objects are either
fully neglected or used with maximum weight. Weighting means resemble IOWA operators [6], but they
work in adifferent way. Results of their computationsare equal to () m, i, Operatorsif weighting functions
areidentity in both models. Thereare problemswith defining the | OWA operatorsif their weighting functions
are not to be linear and there are data objects with formulaevauations {z1, y1 }, {22, y2} wherez; = =z,
and y; # y». In addition, there is violated stability of IOWA operators if they use nonlinear weighting
functions.

It is sometimes possible to make fourfold table-like data which can be used for a/(a + b) multitudinal
quantifier computation. Thevalueof a should besetto Y [F'(z)*i(z, y)], valueof bto Y [F (z)*(1—i(z,y))].
It is something like the a value is conjunction evaluation summation of ¢ and of implication ¢ — . The
value of b is computed in a similar way, but the implication ¢ — 1 is replaced by its negation. Another
notable festure comesfrom Q ym, p,r term. 1tis) " Teoede (%, y)/ Y x, i.€. it usest-norm evaluation. We can
use other t-norms and find their initial (pseudo)implication functions (say i-functions). Usage of product
t-norm leads to constant initial i-function. It is the case B in the model squares overview (see Figure 2).
Usage of Lukasiewicz t-norm leads to an ¢-function which falls to class of models represented by the case
C, Figure 2. Thereis one difference, all the contour lineslead to {0, 1} point of the evaluation square.

Important properties of quantifiers are changes of their evaluations with respect to formula alterations. Let
us suppose that a chosen multitudinal quantifier has its output high enough on ¢, ¢ pair, say 0.9 or higher.
Can it be on —¢, 9 or ¢, —1) to0? Generally said, it can be so. Nevertheless, there are conditions which
prevent the latter case (i.e. ¢, —1). Assume that the initial data separation (from [—1, 1] interval into two
[0, 1] intervals) is done according to the default model at Figure 1 (i.e. case B, without interval overlap). If
Quwm,p,1($,) isused and if itsresult is greater than 0.5, then the result of Qwm, p,1(¢, —t) islower than
0.5. It means that if ¢ multitudinates ¢ by Q.m, p,1, then ¢ does not multitudinate — (by the Qywm, p,1)-
Somewhat wesker ruleholdsfor Q s, 7, it Needsits F' to be zero valued on some [0, ¢] interval. Situationis
less satisfactory when we use overlap models. It is necessary to use weighting functionswith zero valuations
on intervals greater than [0, coveriap]. It practicaly turns such models into the model without overlapping.
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Multitudinal quantifiers on crisp data which are frequently considered, are sample quantiles and statistical
estimators of quantiles. Fuzzy sample quantiles on fuzzy data can be constructed by extending the classical
ones. First, sort al the data objects according to their evaluations on a chosen model square, (i.e.i(x, y), see
Figures 2, 4). Second, assign arod to each data objects. Set length of each rod to weight value of the object,
(i.e. to F(z)). Concatenation of the rods resultsin afina staff. Requested quantile interval can be gained
by multiplying the final length with the quantile and measuring out it from the end of the lowest i(z, y)
values. It does not depend on choice of particular sorting ranks of objects with equal i(x,y) values. These
quantifiers, label them Q4. r (sq for sample quantile), reduce to classical sample quantiles if the used
weighting function is replaced with constant function which has its output equal to 1. Quantifiers Q54,7
are strong fuzzy multitudinal quantifierson fuzzy data. Weak multitudinality is evident, zero value weighted
objects disappear from the final staff. Strong multitudinality is not hard to check too.

Statistical quantile estimators on crisp data have direct (and commonly known) counterparts on fuzzy data
if output values of weighting functionsarejust 0 and 1. In such acase we utilize thefact that any continuous
distribution function taken asrandomvariable hasuniformdistribution on [0, 1] interval. Quantile estimation
reduces to testing on binomial distribution. It is given by

[ o

S (M) s-p"iep <a

=0
where1 — « isconfidenceinterval for stating that 100 = (1 — p) percents of objectshavetheir i(z, y) values
greater thani(z, y) of the k-th least object (from totally n objects). Label these quantifierswith Q ge p.o, 72
(ge for quantile estimator). It is known that such quantifiers applied on crisp data are multitudinal. Hence,
these quantifiers applied on fuzzy data are multitudinal too, since they neglect objects with 0 weight. It
should be noted that we use special kind (i.e. two valued) of weighting functions herein.

Extension of Qe p,a, 72 ONto estimations with general F weighting functions directly uses the process of
quantile estimation, i.e. before it is summed into classical terms with binomia coefficients. Assume we
estimate p-quantile (for 100 x (1 — p) percents of objects with high i(x, y) values) and we have n objects.
First, give each data object arod which hasits length set to F'(z) weight of the object. After it, data objects
are sorted (as usually) according to their i(z, y) evaluation levels and the staff is made from object rods.
Rank the sorted objects, the first (with the lowest i(z, y) value) has rank of 1, the last has rank of n. Put
probabilities on each of the objects: p probability that it is below the p-quantile, (i.e. outside the searched
interval), and ¢ = (1 — p) probability that it is above the p-quantile, (i.e. inside the searched interval). Make
all the combinationson possibilities of dataobjectslieingsand do next procedurefor each such combination.
First, concatenate rods of those objects which have fallen outside the searched interval. Second, multiply
probabilities which were selected in the applying combination. Assign it to the gained short staff. Finally,
lay the short staff along the original staff to its end with the lowest values, as shown at Figure 5.

1 2 3 4 5 6 7 8 9 10 11 12
\ \ [ ] [ 1 \ [ \ \ \ \
0.0 02 03 06 07 0.7 0.7 0.7 08 10 10 10
entire staff
| L1 [ [ | one short staff, its probability:
2 3 6 7 10 %omb = ' P P* qF OF PP OF OF PR O G

Figure5: Staffs alignment during weighted quantile estimation.

After al the short staffs are laid, make subsequent summations. Take all short staffs which have their ends
along particular rods into distinct groups. The intervals that belong to rods are open from their lower sides
and closed from their upper sides. In such a manner, thereis an initial part [0, 0]. It contains ends of short
staffs which have zero lengths. Add up the assigned values which belong to short staffs from single groups.
The outputs are group (rod) assigned values. Do a new succession along the entire staff from its end of the
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lowest values. Add up group assigned values until the summation strictly greater than «, the confidence
value. Stop by the rod which is the first with the greater summation. Take its i(z,y) value, label it ij.
Theinterval for p-quantile (of weighted occurrences) is [ix, 1] on (1 — «) confidence level. It means, the
probability that p-quantile (of weighted occurrences) liesoutside[i, 1] islessthan or equal to .. We assume
that = values of the sample are representative enough with respect to z-dependent changes of i(z fized, ¥)
distributions. Weighting functions which have zero outputs on some [0, ¢] interval, are a bypassif there is
aproblem with that assumption on i(z,y) for small z values.

Label the newly gained quantifiers with Qg ».o,ra (F'G for general F weighting functions). Usage of
two (i.e. {0, 1}) valued weighting functions reduces @ ge p,, F¢ quantifiersinto Qe p,«, 72 quantifiers. We
can prove that @ e p,o,Fa are strong fuzzy multitudina quantifiers on fuzzy data, by using the evaluation
processthat isexposed above. It directly implies, first, that @ 4 p,o, 72 @estrong multitudinal quantifierstoo,
and second, that both @ ge p,o,Fa @Nd Qge p,o, 2 @€ weak multitudinal quantifiers as well. The presented
quantifiers take F'(x) values as weights. It is possible to take F'(z) outputs as counts of occurrences.
It leads into different quantifiers, label them Qyr,p,re (v for border value, I explained in next). Such
quantifiers are yielded by the usage of regularized beta function I,,(r,s) = B(p,r,s)/B(r,s), where
B(r, s) is the beta function and B(p, r, s) is the incomplete beta function. Incomplete Beta function is
defined by integral: B(p,r,s) = [¢ t"~*(1 — t)*~*dt and B(r,s) = B(1,r,s). Cumulative probabilities
for abinomial distribution can be computed by I),(r, s) with r, s integers. We just extend the definition onto
arbitrary nonnegative real values, thereis no other change. Set f = "7 F(z) and g = E’f F(z), wheren
is number of data objects and % is number of objects which have their i(z,y) strictly lower than a chosen
value v. Then we have

Qurpvrc=1=I1_p(f—9,9+1)

where p is for the p-quantile, and Q41,p,o,Fe €xpresses confidence interval for the p-quantile being in
[ik+1(z,y),1]. Itis straightforward to prove that Q,r ,», g are strong fuzzy multitudina quantifiers on
fuzzy data.

Now, let usintrigue on residual implication of Goedel t-norm. That implication is somewhat special because
it depends on z in just one condition checking. The situation resembles survival monitoring. There are
devel oped methodsfor survival estimation. We exploit some of them to devel op new multitudinal quantifiers.
We use conceptionthat x representsobservationtime (before censoring takes place) and y representssurvival
time for each data object. Each object is taken at time of min(z, y). No object is considered again after its
censoring time (if it was censored). An object is taken as failed oneif y is sharply lessthan . An object is
taken as censored if y is greater than or equal to . It changes the notion of our version of survival analysis
from "to live over” (to survive) into "to live up to” (to reach). The function, say p(t), whichis searched, is
probability p of reaching an aget. We aternate classical Kaplan-Meier estimator to fit our model. Multiplier
terms which are used for estimation of reaching (i.e. survival in the original case) probability, are gained
by a method shown next. Consider computation at atime ¢; when an event occurs. Count all objects which
reached the time ¢; (including those which fail at that time). It is the amount of objects with min(z, y)
greater than or equal to that time ¢;. Label this value with a;. Count number of objects which failed at
time ¢;_1 of previous event, label this value with b;. The multiplier term is a;/(a; + b;), label it with r;.
Reaching probability at thetimet; is[]; ., r;, set p(t;) tothisvalue. Thevalueof p(t;) issample estimation
of reaching for interval (¢;_1,¢;]. Estimation of p(0) isset to 1, and of p(¢) issetto 0 for ¢t € (t,,,1] if ¢, is
the last time of an event occurrenceand ¢,, < 1. Estimated mean of reaching time is gained by integrating
the p function from 0 to 1. Label this estimator by @) »1,c. We have considered all the objects with the same
stress. It corresponds to setting the weighting function to constant of 1. Label generalized estimators which
use weighting functions F', with Q1 r. Both @Q1,c and @1, are classes of fuzzy quantifiers which are
weak multitudinal. Neither of them is strong multitudinal quantifier. The cases of r1 quantifiers belong to
model A at Figure 6.

Itispossibleto alter Q,1,F sothat they can hold strong multitudinality. One solutionisin two changes. First,
b; iscount of all the objects which failed beforetime ¢;. Second, p(t;) is computed directly asa; /(a; + b;).
Then, it is used as value for interval (¢;—1,¢;]. In fact, p(t) can be computed as a/(a + b) for every time.
End of the modified algorithm is the same as in the case of ),1,7. We have new quantifiers, label them
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A B

Figure 6: Model squares for reaching time quantifiers

with @2, and their version with constant weighting function as Q,2,c. The newly gained quantifiers
Qr2,F and Q2 ¢ arestrong fuzzy multitudinal quantifiers on fuzzy data. The cases of r2 quantifiers belong
to model B at Figure 6. It is notable that p(t) remains reach estimator and it has a natural property, it is
nonincreasing function of time. Thus, we have developed both strong multitudinal quantifiers and weak
multitudinal quantifiers which are not strong.

We have several classesand concrete examplesof multitudinal quantifierson fuzzy data. In addition, weneed
formulas to take advantage of the quantifiers. We have developed methods to generate formulas and their
evauations in previous section. Formulas which are used in data mining technics, are usually simple. We
consider formulas which are generated by usage of conjunction, disunction, the outer operation opposite,
and constants 0 and 1. Multitudinal quantifiers on formulas ¢, ¢ can resemble implication ¢ — . We
look for formula pairs which lead into high results by the multitudinal quantifiers usage on them. In the
same time, we do not want noninteresting formula pairs, asis in classical GUHA method. Thus we start
from potentially the most interesting formulas. We try other weaker formula pairs until the multitudinal
quantifiersare satisfied high enough on them. The starting pair{¢, )} is {1, 0}. We weaken thefirst position
formulas into conjunctions of basic formulas and of their opposites. The second position formulas are
weakened into digunctions of basic formulas and of their opposites. Fitting formulas can be strengthen by
subsequent disjunctions (conjunctions respectively) applied on the first (the second respectively) formulas
of the formula pairs.

Let usrestrict onto crisp data. It isknown that apair {conjunction (¢, x), 1} which leadsinto high quantifier
output, can be used for creation of apair {¢, disunction (negation(x), )} and the new pair leadsinto high
quantifier output too. Let us come back to fuzzy data. We replace negation by opposite operation. Then, the
relation between formula pairs which is shown above, does not hold in the field of mining on fuzzy data.
It is caused by the fact that opposite of formula which has low evaluation value, can have low evaluation
value too.

4, Conclusion

We have new methods to make data mining on fuzzy data. They are aimed to be used primarily for
extraction of information from microarray experiments data. There are specific features of such data. The
most considerable one is great number of genes, i.e. properties. It leads into too great amount of formulas.
It can be solved by clustering the data and by usage of the resulting clusters in place of original genes.

Results of quantifier usage on the microarray data can be further used in several ways. They are among
others: first, exploiting gene regulations, second, illnesses classification, third, gene expression predic-
tion. Consider the first case. Formula pairs of form {¢,1&p2& ... &g, V1 }, {d1& P& ... &, 02}, ...
{1&p2& ... &y, 101} can help in search for upstream regulatory sequences of 1, 1, ..., 1;. Consider
the second case. Formula pairs which have conditional fitting, are to be searched if there are severa
classes of data objects. General formula pairs which fit in some classes but not in some others, are im-
portant cases. Object classification is frequently done by nearest neighbor search. Implication functions
(together with weights) on objects can be used as other points in object vectors (i.e. cells in data rows).
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Consider the third case. Formula pairs of form {¢11&12& ... &d1k,, 1V}, {P21& P2 ... &ogy, ¥}, ..
{dn&pi2& ... &bk, , 10} can be used for prediction of expression of genesin position of 4 formula.

We believe that GUHA inspired data mining technics are fruitful instrumentsin a broad range of practical
applications. Life sciences and medicine produce high amount of experimental data and there are data
collections which are available on internet. We will implement described methods and test them on gene
expression data.
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Abstract

We express the problem of approximating a data set z = {(z,3:)}; € R? x R in the form of
minimizing afunctional that composes of an empirical error part and a regularization part. We prove that
by adding the regularization part the problem becomes solvable. We derive existence and uniqueness of
the solution. We a so describe the shape of the minimizing function and show that it isin the form of a
one-hidden layer feed-forward neural network with activation functions derived from the regularization
part.

1. Introduction

Learning from data usually meansto fit afunction to aset of dataz = {(z;,y;)}Y, C R x R. Typically
it is not necessary that the function approximates the data exactly, we need some generalisation. There are
infinitely many functions that fulfill this demand, so it is needed to precise the task. Additional constrains
are put on the desired function such as continuity or smoothness, see for example[1], [3].

Mathematical expression of theseideasliesin formulating afunctional, that would among admissible func-
tions pick the one, that is reasonably close to the data and also correspondsto global property assumptions.
The article deals with a special type of the functional based on Fourier transform and we show existence,
uniqueness and even the form of the solution.

2. Preliminaries

A real or complex Banach space (X, ||.||) isavector space over real or complex numberswhich is complete
in the topology generated by the norm ||.||, defined on X. A Hilbert space is a Banach space in which
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the norm is given by an inner product (., .), that is ||z|| = (z, z)/*. Sequences of elements of spaces are

denoted by {z,,} meaningn € N, , where N, isthe set of positive integers.

The Banach space X *of bounded (real-valued) linear functionals on X is called the dual or adjoint space.
It defines weak convergenceon X . A sequence {z,} € X convergesweakly to z (z, — z) if and only if
lim, 00 |f(zn) — f(z)| = O for each fixed f € X*.

R denotesthe set of real numbers. For apositiveinteger d, 2 C R¢ we denoteby (C(9), ||.||c) the space of
continuous functions on © with the maximum norm and by (£,(€2),||.]|,) the space of p-times integrable
functionson Q, where || f||, = [, |f(z)|Pdz.

A functional ¥ : X — (—o0,+o0] iscalled proper if it is not identically equal to +oo. The set dom F =
{f € X :F(f) < +oo} iscalled the domain of F.

Fiscontinuousat f € dom Fif for all e > 0 thereexistsé > 0 suchthat for every g € dom ,||f —g|| < 0
implies |F(f) — F(g)| < e. Themodulus of continuity of ¥ at f isthefunctiona; : R — R} defined as

ay(t) = sup{|F(f) = F(9)|: f, g € dom T, [|f — gl| < t}.

A functional F is lower semicontinuousin atopology if and only if {f;F(f) > a} is open for each real
a. A functional is sequentially lower semicontinuous if and only if the convergence of {f,} to f implies
F(f) < liminf, . F(fr). Thusafunctional ¥ isweakly sequentially lower semicontinuousif and only if
fn = fimpliesF(f) <liminfy, o0 F(fa).

A functional Fisconvexonaconvexset C C dom Fifforal f,g € Eanddl X € [0,1], F(Af+(1-N)g) <
AF(f) + (1 = N)F(g). F isuniformly convex on a convex set C' C dom F if there exists a non-negative
functionn : Ry — Ry, suchthatn(0) = 0,7(te) > 0for somety > 0 andforal f,g € Eandal X € [0,1],
FALF+A=XN)g) <AF(HH+ 1 —=XN)F(g) — X1 —=X)n(||f — gl])- Any such function 5 is called amodulus
of convexity of F. The functional F is called strictly uniformly convex on C' if n(t) > 0 for al ¢t € R, .
Functional 7 is (strongly) quasi-convexif for al f,g € Eitholds: F (1 f + 1g) (<) < max{F(f),F(9)}.

Let X,Y beBanachspacesand ¥ : X — Y beamapping from X to Y. We definethe Gateaux derivative of
Fin findirectionh asD;F(h) = lim;_q w If thelimit isuniformin h, we call the derivative
the Frechet derivative (which will be our case). We can analogously define the second and so on derivatives.

3. Approximating a Data Set Formulated asa Minimization Problem

Thetask to find an optimal solution to the setting of approximating adataset z = {(z;,v:)}Y; CR? x R
by afunctionfrom ageneral function space X isill posed. A standard method to copewithill-posed prolems
is to impose additional (regularization) conditions on the solution. These are typically things like a-priori
knowledge, or some smoothness constraints. The solution f, hasto minimize afunctional F : E — R that
is composed of the error part and the “smoothness’ part:

F(f) = &) +v2(f),

where &, isthe error functional dependingonthedataz = {(z,;)}Y, C R? x R, ® istheregularization
part — the so called stabilizer and -y is the regularization parameter giving the trade-off between the two
terms of the functional to be minimized.

An error functional is usually of the form:

N
E(f) = Z V(f(z:),v:)

A typical example of the empirical error functional isthe classical mean square error:

1 N
&)=+« > (f @) — i)
i=1
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In [3] aspecia stabilizer based on the Fourier Transform was proposed:

va(r) = [ H0as

where the hat indicates the Fourier Transform (f(s) = —(%)% Jga f(z)e "*dz, further we omit the

constants) and (G is some positive function tending to zero as ||s|| — oco. That means 1/G is a high-pass
filter.

Now we can define the functional F that is to be minimized:
HOl

= | ds.
G(s)

1 N
Tolf) = &)+ Balh) = 5 S U@) = + [ |
i=1

4, Existence and Uniqueness of the Solution

In this section we will derive conditions that will guarantee existence and uniqueness of solution to the
above minimization problem.

We start with uniqueness. To solve this problem we need some convexity assumptions. We use thefollowing
result from[2, p. 15]:

Theorem 3 A strongly quasi-convex functional § can achieve its minimum over a convex set C' at no more
than one point.

Proof: If §(f1) = S(f2) =infscc f(z), then1/2f; +1/2f, € C, but
S(1/2f1 +1/2f2) <max{S(f1),5(f2)} = }Ielgg(f);
which is a contradiction. O
We prove that under a natural assumption functional F¢ is even strictly uniformly convex. This clearly

implies strong quasi-convexity and using the previous theorem, we conclude, that the minimum of F ¢ (if it
exists) is unique.

Theorem 4 Supposesup, s G(s) < M < oo. With the notation from section 3, functional &, is convex,
thefunctional ® isstrictly uniformly convexwith modulusn(t) = ¢2/M (in Lz). Hence, also F isstrictly
uniformly convex with modulus 6(¢) = 7t2.

Proof: For the first part, £,(f) is sum of N elements, each of which is a convex functional, as (real)
function z — (2 — y;)? is convex.

To deal with the other functional, choose A € [0, 1]. We haveto prove

Ba(Af + (1= XN)g) < Aa(f) + (1 = N)Ba(g) — A1 = N)n(llf - 4ll),

after rewriting

A®a(f) + (1= N)Ba(g) = Ba(Af + (1= X)g) 2 A1 = N)(If —gl)*/M .

It is straightforward to check that the left-hand side of thisinequality is equal to

AML=X)2a(f —9)-
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Denoteh = f — g. AsG(s) < M, wehave

_ |ﬁ(5)|28 1 Aszs_i“z
v(h) = [ ari-anz g [ lhords = SpliE.

Since Fourier transform is an isometry on L, the last quantity is equal to +;||A||3, hence & is uniformly
Convex.

This means that v®¢ is uniformly convex with ~-times larger modulus, i.e. with modulus §, and so is
Fo=E&, +vPg,asclaimed. O

So we have proven uniqueness of the solution to the minimization problem.

To prove existence we use two basic results of approximation theory, see[2, p. 7-13]:

Theorem 5 A weakly sequentially lower semicontinuous functional F defined on a weakly sequentially
compact set C' hasan infimum f, such that F(fo) = inf fec F(f) = mingec F(f).

Weak lower sequential semicontinuity of afunctional can be secured by several means, as for example by:

Theorem 6 A convex functional J that hasfirst and second derivatives at all points of an open convex set
C (subset of E) isweakly sequentially lower semicontinuousin C.

To apply Theorem 6 we have to prove the derivatives of F to exist.

Theorem 7 Let C' be an open convex subset of dom F. Functional F¢ is weakly sequentially lower
semicontinuouson C'.

Proof: Let ushave alook at the regularization part. We compute the first derivative:

Df(I)G(h) — }1_{% y (fRd[f(fL') + th(m)]emsi'g(i{]kdf(j) + th(i")e_msd:i)

(Jea S (@)e 0 dz) (fpu f(E)ei70d) |

— S

ds

[ S Jus (F@IREE) + h(@) F@)) e==oei**dad
Rd

where D ;& (h)) meansthe first derivative of ®¢ in f in direction h.

Now we compute the second derivative:

~

DD;®¢(h, k) = lim 2R6<m’ﬁ>ds_ 2Re<f’ﬁ>d8:/ QRP’@ ﬁ>
fea\n, t—=0 Jpa té(s) té(s) Rd

where DD s ®(h, k) isthe second derivative of ¢ in f indirections h, k.
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Now wewill need alsotheerror part derivative (recall theerror partisof theform (€.(f) = + Efil(f(a:i)—
yi)?):
Yiny (f (@) + thiz:) —yi)® = S, (f (@) =) _

= N t—0 t
= % ;(2]”(:1:,)71(&) — 2h(z)y;)

The second derivativeis:

1 S QU + th)@ah(e:) — 2h(zi)y:) — SiL, (2F (@a)h(z:) — 2h(zi)ys) _
N t—0 t

DD;E.(h, k) =

1 N
i=1
By Theorem 6 F¢ isweakly sequentially lower semicontinuous. O

Hence using theorems 5 and 7 we obtain existence of the solution to the minimization problem.

5. The Form of the Solution

We can describe the shape of the solution using a well known fact from mathematical analysis, see for
example[3]:

Theorem 8 Let the functional F defined on a set E in a Banach space X be minimized at a point fo € E,
with fo aninterior point in the normtopology. If 3 hasa derivative DF ¢, at fo, thenDFy, = 0.

The existence and uniqueness of the solution have been proven, so we can use Theorem 8 to derivetheform
of the solution. The proof of the following theoremis arigorous version of the proof sketched in[3].

Theorem 9 Wth the notation from section 3, functional F defined on real functions and for G symmetric
we have a unique minimizing function f, of the form

N M
fol@) =) Gz —z3) + Y dpth(),
i=1 k=1
where z; arethe data pointsand {¢; } 2, isthe bias of the null space of functional ®.

Proof: The existence and uniqueness of the solution has been provenin section 4. Now we will rewrite the
functional F¢ in terms of Fourier transformof f, g = f:

Y 2
gG(g) = %Z(/Rdg(s)eizisds _ yl)z +7‘[Rd %ds

Let us observe, that |g(s)|? = g(s)g(s) = g(s)g(—s) because for f real it holds f(z) = f(—z). Now we
will compute the derivative of F in g in direction h:

N

DFy(h) = 2% Z(/

i—1 YR

h(s)e™*ds — yi/ h(s)e®*ds)+

Rd

g(s)e”"sds/

Rd
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Now we put DF g, (h) = 0 (go is the minimizing function). This has to hold for al h. Let us take
h(s) = 6¢(s), where §; means the delta-functionin ¢. We obtain:

1 ir;s ir; 0
DFgy(h) = NZ/ go(s)e®i*ds et — ye t)+7A( + v =

xz i zwt+2 gO( =0,
NZfo — i) teTany

asfor G is symmetric. Now we multiply by e~ and integrate over R¢:

Z fO -'L"L Yi / i(zz'—w)té(_t)dt = _27/ go(_t)e—iwtdt
R4 Rd

Thus we obtain
N

) %(fo(mi) —4:)G(z — zi) = 7fo(2)

i=1
and we see that the solution must be in the form

N M
= Gz —x:) + Y _ dre()
i=1 k=1

where vy, arefunctionsinvisibleto . O

The solution derived is very nice, since it resembles a neural network with G as the activation functions
shifted to the data points ;. The problem of the number of hidden units being too large to be implemented
can be solved by variable basis approximation using the obtained shape of the activation functions.

6. Conclusion

We have derived existence and uniqueness to the problem of finding a function close to the given data and
simultaneoudly reasonably smooth (in terms of its Fourier transform). We showed that the solution isin the
form of aone-hidden-layer feedforward neural network with activation functions depending on the form of
regularization.

The drawback of this approach is that the obtained neural network has too many hidden units (as much
as the number of data). This problem can be dealt by variable basis approximation limiting the number of
hidden units. Nice approximation properties have been proven. Thisis unfortunately out of the scope of this
article, so we kindly ask the reader to refer for example to works[5], [10].

The article was based on some ideas from [3].
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Abstrakt

V nadedujicim textu je pfedstaven akademicky projekt zaméfeny na vyvoj modularniho systému
L1Sp-Miner pro data-mining. Tento systém je otevieny avolné dostupny aje vhodny pro vyuku avyzkum
v oblasti dobyvani znalosti z databzi. Projektovy tym se sklada z utitelll i studentl z vice vysokych
&kol. LI1Sp-Miner miize byt snadno roz&ifovan pomoci dalSich modul i zamé&enych na specificky zplisob
zpracovani analyzovanych dat. PYi tvorbé novych modulli jsou k dispozici rozsahlé prostiedky vytvoreng
pii implementaci existujicich modulll. Je mozné vytvaret i speciaizovana webova rozhrani uzplisobena
potiebam konkrétni analyzy. Pfizplisobeni se miize tykat jak rozsahu funkénosti, tak pouZité terminologie.
V €lanku jsou popsany nékteré existujici moduly a zarovef jsou zminény i soucasné sméry rozvoje
systemu.

1. Uvod

Automatizované zpracovani provoznich dat se v sou€asné dobé stalo nezbytnosti téméf ve vSech oblastech
podnikatelské Cinnosti i vefeiné spravy. Vznikaji tak rozsahlé a dozité strukturované databaze zaznamenéa-
vajici nékdy i desitky let dlouhou historii Cinnosti organizaci jako jsou banky, pojistovny, vyrobni podniky,
obchodni Fetézce ale i nemocnice, 3koly atd. Ve vétding piipadt |ze z téchto databazi ziskat podstatné vice
informaci a znalosti nez bylo plivodné predpokladano.

Proces, jehoz cilem je ziskani takovychto novych znalosti se v anglictiné nazyva Knowledge discovery in
databases, Casto se pouzivai termin data mining. Podle [5] je data mining analyza (Casto rozsahlych) ob-
servatnich dat s cilem nalézt netuSené vztahy a sumarizovat data novymi zplisoby tak, Ze jsou srozumitelna
auztetna pro jejich majitele. Pro tento proces budeme pouzivat termin dobyvani znal osti z databazi (zkréa-
cené DZD). Slovo "dobyvéani” vyjadiuje fakt, ze ziskani novych znal osti vyzaduje vynal ozeni rozsahlého a
nelehkého Gsili.

Dobyvani znalosti z databazi je predmétem jak rozsahlého vyzkumu a vyvoje, tak i mnoha obchodnich
aktivit. Je k dispozici fada softwarovych produktli a metodik pro DZD. Charakteristické je, Ze komeréni
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systémy jsou znacné drahé a tézko dostupné pro vyuku. Déle je nutné poznamenat, ze vyzkum a vyvoj v
oblasti DZD je stéle spi%e na pocatku.

Cilem ¢lanku je pfedstavit Projekt L1 Sp-Miner. Projekt je zaméFeny nejen natvorbu samotného systému pro
data-mining, alei navytvoreni metodik celého procesu DZD av neposledni fadéi navysvétleni zakladnich
principll data-minigu ve vyuce.

Systém LISp-Miner je vyvijen naFakulté informatiky astatistiky VSE od roku 1996. Hlavnim cilem je pfi-
bliZit studentlim cely proces DZD, umoznit jim praci navlastnich analyzach aposkytnout i detailngs pohled
na algoritmy atechniky pouzité pfi implementaci takového systému. Zaroven systém slouzi jako platforma
pro dalsi vyzkumyv oblasti DZD ato jak nateoretickéroving, tak i v praktické prostfednictvim novych mod-
ulti vyvijenych zefménav ramci diplomovych adisertatnich praci. Nezanedbatel nym prinosem jei moznost
vyuZzit systém LI1Sp-Miner pro DZD v oblastech, ve kterych nejsou finantné dostupné komercni systemy
(napr. pfi zpracovani medicinskych dat). LI Sp-Miner je volné ke stazeni na adrese http://lispminer.vse.cz.

Systém LISp-Miner je vysedkem prace celé skupiny autor(l, ktefi se podileli na jeho vyvaji. Pfi jeho
tvorbé byly pouzity dlouhodobé zkuSenosti v oblasti data-miningu. Teoretické podklady byly publikovany v
¢lancich aknihachjiz od roku 1960 (viz napf. [2], [6], [4]. [7],[3], [1]. [14]). Star&i verze nékterych modul {1
byly nejprve implementovanéjako samostatné aplikace jejich plivodnimi autory. V systému LISp-Miner je
podstatnym zplisobem vylepsena funkénost diive existujicich procedur, jsou pfidany nové procedury acely
systém tvori konzistentni celek téZici z propojenich jednotlivych dil€ich modulli.

Hlavni rysy systému jsou spolu s pfehledem jeho hlavnich Casti popsany v kapitole 2. DalSi sméry vyvoje
jsou naznateny v kapitole 3.

2. Systém L1Sp-Miner
LISp-Miner je modularni systém. Prehled soutasnych modulli je na obrazku 1.

Moduly rozdélujeme do tfech zakladnich skupin:

e Seznameni s daty aj€jich transformace
e Zpracovani anayz

e Interpretace vydedkl

Toto rozdéleni umoziuje udrzet dozitost kazdého modulu na Grovni pfijatelné pro uZivatele a zaroven
pomaha dodrzet metodikami doporucovany postup DZD (pfikladem je metodika CRISP-DM).

Pro rychlé seznameni s daty slouzi modul LM DataSour ce, mezi jehoz funkce patfi frekvencni analyza
a Siroka 3kéla transformaci dat, podrobnosti jsou v odstavci 2.1. Do skupiny seznameni s daty a jejich
transformace patii i modul LM TimeTransf [13]. Ten sezam&ujenavypotet rliznych charakteristik Casovych
fad tak, aby vypocitané charakteristiky mohly byt snadno vyuzity v dalSich astech systému LISp-Miner.

Jako priklad analytické procedury uvadime proceduru 4ft-Miner, ktera je v hrubych rysech popsana v
odstavci 2.2. Jednase o novou, oproti dfivéjSim znatnérozsifenou, implementaci GUHA procedury ASSOC
[3]. Pri implementaci procedury 4ft-Miner byly vyuzity dfivéj3i zkuSenosti [6], [7]. SouCasnaimplementace
obsahuje dalSi ¢etna rozsifeni a je integrovanou soucasti celého systému L1Sp-Miner. Kromé procedury

Aft-Miner je soucasti systému i procedura KEX [1] pro strojové uceni, jgjiz hruby popisjev odstavci 2.3.

Prostfedky vyvinuté béhem tvorby soucasné verze systému mohou byt vyuzity i v budoucnu a vyznamnym
zptisobem usnadni implementaci dalich analytickych procedur.

DileZitou soucasti systému je metabaze. Jedna se o centralizované (lozi&e dat ze vsech modulll systému
LISp-Miner. V metabazi se uchovavaji nezbytnéinformace o analyzovanych datech (napf. seznam relatnich
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Seznameni s daty & Zpracovani analyz Interpretace vysledka
Transformace

LM DataSource 4ft Miner Procedure
Exploration, categorization
4ft Task 4ft Result
Task definition, generation Results interpretation
LM TimeTransf
Time series preparation
4ft Gen 4ft HypoRating
Batch generation Hypothesis ranking

Aft LiteralRating
Literal importance

KEx Procedure

Kex Task Kex Result
. Task definition, generation Results interpretation
Miscellaneous
LM Admin Pareto Miner Procedure
Administration Task definition, generation, results interpretation

Obrazek 1: Prehled sou€asnych modulli systému L1 Sp-Miner.

tabulek, nazvy a datové typy sloupctl), definice transformaci dat provadénych moduly LM DataSource a
LM TimeTransf, zadani (loh jednotlivych procedur av neposledni fadé i samotné vysledky analyz. Kazdy
modul nagitaveskeré své vstupy z metabaze aukladado ni i veskeré svée vystupy. Omezena skupinamodul &
pracujei primo s analyzovanymi daty, viz obrazek 2.

Uvedena architektura umoznuje snadno pridavat dal$i moduly. Ty mohou vyuZivat vystupy ostatnich mod-
ulll jako své vstupy a své vystupy naopak zpristupiovat jinym modulim pro dal&i zpracovani. Novy modul
mUiZe byt jak samostatnou aplikaci, tak i webovym rozhranim, které spoudti vybrané moduly v davkovém
rezimu. Tak je mozné velmi rychle vytvofit rozhrani specializovana pro urcitou oblast a konkrétni analyzu.
V nich mohou byt pouZity odborné terminy z analyzované oblasti a ovladani miize byt zjednoduSeng, aby
s nim mohl snadno pracovat i samotny odbornik na danou oblast. Takto |ze rozsifit okruh lidi schopnych
provadét kvalifikované a hluboké analyzy dat, zejména pokud se jedna o opakované analyzy nad stéle aktu-
alizovanou databazi. Rozhrani miiZe byt realizovano prostfednictvim WWW technologii. Jedna z takovych
implementaci je zminénav [12].

2.1. LM DataSource

Modul LM DataSource slouZi pro seznameni se s daty a zggména pro jgjich pfipravu pro dal&i zpracovani.
V ramci seznameni je mozné prochazet seznam tabulek v analyzovanych datech, seznam sloupcli v kazdé z
nich ataké data, ktera obsahuji.

V ramci pfipravy dat je mozné definovat odvozené hodnoty z existujicich sloupcli tabulek. Pomoci databa
zovych funkci je mozné dopoCitat vék pacienta z data narozeni, celkovou vya platu jako soucet z&kladu a
prémii nebo zjitit den v tydnu podle datumu uskutecnéni telefonniho hovoru. Prestoze se jedna o odvozené
informace, jgjich pouZiti miize vyrazné zlepdit vysledky analyzy.

Béhem pripravy dat je vSak klitovou fazi vhodnakategorizace hodnot. M {iZe se jednat o vytvoreni interval
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Obrazek 2: Globélni architektura systému LISp-Miner.

ze spojité veliGiny, o seskupeni okrajovych hodnot do jedné kategorie, slouteni geograficky blizkych okresti
dovy&Sich celkliatd. Naobrazku 3 je ukazkadia ogového okna, kterym se zahaj uje automati ckakategorizace
sloupce Vék.

V souCasné dobé jsou k dispozici tyto volby pro automatickou tvorbu kategorii:

e Enumerace ... kazda hodnotav analyzovanérelacni tabulce je samostatnou kategorii,

e Ekvidistantni intervaly ... systém automaticky vytvori intervaly o stejné délce s danym pocéatkem a
s danym zplisobem uzavieni (zleva, zprava),

e Ekvifrekventni intervaly ... systém automaticky vytvori zadany poCet intervalli tak, Ze do kazdého
intervalu spada pokud mozno stejny pocet zaznamtll z analyzovanétabulky.

V obréazku 3 je pozadovano vytvoreni intervalll o délce 10 uzavienych zprava. Ukazka vysledku je na
obrazku 4.

DaleZitou funkci modulu LM DataSource je i frekventni analyza, ktera napomaha vhodné kategorizaci
hodnot. Ukéazka frekvencni analyzy je na obrazku 5. Kategorie v seznamu i v grafu je mozné fadit vzes-
tupné/sestupné podle frekvence. Seznam je mozné exportovat do schranky systému Windows a pouZit v
dalSich aplikacich. Analyzujeme-li najednou vice atributll, jsou v seznamu i grafu uvedeny vechny mozné
kombinace kategorii ze v&ech analyzovanych atributd.

2.2. Procedura 4ft-Miner

Procedura 4ft-Miner je nejstarsi z procedur celého systému. Pro jgji implementaci existuji Siroké teoretické
podklady, které byly poprvéimplementovany v souvidosti s metodou GUHA -[2], [6], [7]. Pfedchozi verze
procedury 4ft-Miner je popsana napr. v [10].

2.2.1 Asociatni pravidla: Procedura 4ft-Miner nepouzivaklasicky A-priori algoritmus. Namisto
toho vyhledava platna asociatni pravidiatvaru ¢ ~ ) nebo podminénéaasociatni pravidlatvaru ¢ = ¢/ x.
Kde ¢, 4 ax jsou konjunkce booleovskych atributll automaticky vytvofenych z vice-hodnotovych atributi
pomoci rtiznych metod (viz dale).

Symbol ~ se nazyva 4ft-kvantifikétor. Asociatni pravidlo ¢ ~ v Fikd, Ze booleovské atributy ¢ a1 jsou v
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Obrazek 3: Ukéazka okna pro kategorizaci.

— Categorizsz

Category Tovpe EBool=an tupe Freq
=1:31: leker-al Mo boolsan

[31:41= Interv¢al Mo boolzan 1440
[41:51= Interval Mo boolean 14313
5161 Interval Mo bhoolzan 1362
B1.71= Irterval Mo boolean 5232

Obrazek 4: Ukazkainterval il vytvorenych dle zadani z obrazku 3.

urcité zévidosti definované praveé 4ft-kvantifiktorem . Podminéné asociatni pravidlo ¢ = ¢ /x Tik& Ze
@ ay jsouv zavidosti (ve smysiu =), jestlize je podminkay splnéna.

Pro zadavani Uloh je k dispozici jednoduché a uzZivatel sky priveétive uzivatel ské rozhrani - viz obrazek 6.

2.2.2 Syntakticka bohatost: Hlavni rozdil oproti A-priori agoritmu je schopnost 4ft-Mineru

vvvvvv

o Je mozné pouZivat podminénéaasociatni pravidlavetvaru A ~ B/C. To poméhahledat vztahy, kdy
A je mélo ¢etna kombinace.

e Pravidlamohou obsahovat konjunkce atributli v libovolnésvé éasti - A1 A Ay A ... A, &= By A By A
.Bp/C1 ANCoy A ...Ch,.

e Kazdy atribut miiZe obsahovat vice neZ jednu hodnotu - napf. A (Praha, Brno) znamena, ze A miize
byt bud " Praha’ nebo "Brno”.

e K dispozici je vic typll zavislosti nez pouha implikace A = B/C. Celkem je v soutasné dobé k
dispozici 17 4ft-kvantifikator i, pomoci kterych |ze vyjéadfit hledany vztah mezi A a B, viz napr. [8].
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Frequency analysis
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1 0.000 0.0% 4 0.0% 4 J
2 0100 08 % 62 08 % 66
g 0200 29% 237 38% 303
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B 0500 21% 170 124 % 454
i 0e00 20% 162 4.4 % 1156
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10 D@00 23% 185 20.7% 1867
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iz 1100 zi% 188 254 % 2040
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=
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Obrazek 5: Ukazka frekvencni analyzy pomoci modulu LM DataSource.

e Atributy v libovolné ¢asti asociatniho pravidla mohou byt seskupeny do celkill a s témi miize byt
zachazeno najednou (nastavovani parametrdl, kopirovani / presouvani atd.).

¢ Béhem hledéani platnych asociatnich pravidel jsou pouzivany techniky pro redukci mnozstvi pravidel
ve vysledku. Logicky odvoditelna pravidlamohou byt automaticky vynechana, viz napr. [8].

Detailngi rozbor procedury 4ft-Miner je uvedenv [11].

Bohatost moznosti pfi zadavani Glohy vede k obrovskému mnoZzstvi pravidel, které je nutné vygenerovat
a otestovat. PouZité algoritmy jsou zaloZeny na vhodné reprezentaci dat pomoci bitovych Fetézcli a na
velmi rychlych operacich nad témito Fetézci, viz napr. [6], [11]. Vysedkem je velmi kréatka doba nutna pro
Ziskani vydedki apouzivani procedury 4ft-Miner jeinteraktivni pro Glohy az do velikosti 107 generovanych
asociacnich pravidel.

2.3. Expertni systém KEX

KEX jeprocedurastrojového uceni zalozenanaasociacnich pravidlech[1]. Verzeimplementovanav systému
L1Sp-Miner rozSifuje schopnosti pfedchozich verzi zejména ve schopnosti sdilet vstupni i vystupni data s
ostatnimi moduly zejména ve schopnosti pouzivat vysedky faze pfipravy dat (z modulu LM DataSource).

2.3.1 Tvorba baze znalosti: Kli¢ovou funkci expertniho systému je tvorba baze znalosti. Cilem

je vybrat takovou skupinu pravidel, ktera bude umoZiovat co nejpresngjsi klasifikaci novych pripadt. K
tomu se pouziva trénovaci sada pripadu, na které se mlize systém naucit. Oddélena testovaci sada potom
umoznuije otestovat kvalitu vytvorené baze znal osti.

Generovanapravidlamgji tvar Ant = C, kde:

e Ant je pfedpoklad (antecedent) vetvaru A(a) A B(b) A ... A X (x)

— A, B, X jsou atributy
— a, b, xjsou jgjich kategorie (narozdil od procedury 4ft-Miner jsou povoleny pouze jednoclenné
koeficienty)
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Obrazek 6: Definice Ulohy pro proceduru 4ft-Miner.
o C jezavér tvoreny jednim atributem, podle kterého chceme pripady klasifikovat

Pri generovani pravidel se postupuje od nejkratsich k ngjdelsim (generovani do Sifky). Pro kazdé pravidio
se testuje, zda se jeho platnost vyznamné odliSuje od zavéru, kterych bychom ziskali slozenim vhodnych
pravidel jiz dfive vliozenych do baze znal osti. Pouze pravidla, ktera pfinesou novou znalost, jsou vlozena
do baze.

Chceme napriklad rozhodnout o vlozeni €i nevlozeni pravidla
Saary (High) A Age (30ies) = District (Praha)
do baze znalosti. V tomto okamziku jsme jiz (diky pouZzitému algoritmu) rozhodli o téchto pravidlech:

e (no antecedent) = District (Praha)
e Salary (High) = District (Praha)
e Age(30ies) = District (Praha)
Z téchto pravidel vypocteme pomoci tzv. kombinatni funkce (viz [1]) tzv. naskladanou véhu, kterou

porovname s platnosti aktualné zkoumaného pravidla. Jestlize se od sebe vyznamng li& (ve smyslu 2
testu na zadané Grovni «), je nové pravidlo vliozeno do baze znal osti.

V okamziku, kdy otestujeme vsechnamozna pravidla, bude baze znalosti tvofena mnozinou pravidel, ktera
je schopnaklasifikovat nové pFipady s pozadovanou pfesnosti a neobsahuje pfitom redundantni pravidla.

Dl eZitou soucasti tvorby baze znal osti je otestovani jeji kvality. Podle teorie bylo implementovano nékolik
moznych zplisobl testovani, z nichZ si uzivatel miize vybrat pro danou situaci nejvhodngjsi:
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Obrazek 7: Vybér metody testovani baze znal osti.

oddélenatestovaci data, ktera nejsou pouZzita pfi trénovani;

cross-validace ... rozdéleni dat na pevny poCet Casti a postupné vytvareni baze za pouziti pouze (n -
1) Cadti a otestovani na zbyvajici;

nahodné rozdéleni ... automatické rozdéleni dat na trénovaci a testovaci;

testovani v trénovacich datech ... testovani ne stejnych datech jako probihalo trénovani (ngfméné
spolehliva metoda testovani).

Vydedkem testovani je tabulka obsahujici vsechny provedenéi neprovedenéklasifikace spolu s absolutnim
i relativnim poctem spravnych a chybnych klasifikaci.

2.3.2 Konzultace: Po vytvoreni baze znalosti je mozné klasifikovat nové pfipady na zakladé
znamych hodnot atributll z antecedentu. Pfitom neni nutné znét hodnoty pro vechny atributy.

Kazda klasifikace je doplnéna mirou nejistoty se kterou byla udélana. Podle naskladané vahy z pouzitych
pravidel jsou tyto moznosti: jisté, teméF jisté, pravdépodobné, mozna Jestlize znamé hodnoty atributli
nedovoluji klasifikaci uskutetnit, miize byt odpovédi i odmitnuti klasifikace.

Pri davkové konzultaci urcime soubor, ktery obsahuje pripady pro klasifikaci. Je-li souasti souboru i
klasifikovany znak, je na zavér konzultace uvedena tabulka shodna s tabulkou pouzivanou pro testovani
baze znalosti. Timto zplisobem se je mozné testovat bazi znalosti na vlastnich testovacich datech.

3. Daldi vyvoj
V souCasné dobé je pfipravovana nebo jiz probiha implementace nékolika dalsich procedur. Ty budou

vyuZivat vystupl existujicich modull a pfi jejich implementaci budou pouZity algoritmy, datové struktury
aknihovni funkce vyvinutév ramci systému LISp-Miner.
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Obrazek 8: Individualni konzultace.

Diky pouzité modularni architekture je pfidani nového modulu relativné snadné aje popsano v jednotlivych
Castech projektové dokumentace. Novému modulu je umoznéno sdilet data s ostatnimi moduly prostfed-
nictvim metabéaze.

3.1. Nové procedury

Jednou z procedur s nejvetSim potencidlem je multi-relaéni data-mining. Ten je zaloZen na predpokladu,
ze velké mnozstvi potencialné zajimavych informaci neni skryto pouze v jedné databazové tabulce, ale ve
vazbé mezi vice tabulkami. Ty nejzajimavéjsi informace neziskame pouze z tabulky uskutetnénych nakupli
jednotlivych druhli zboZi. Ani je neziskame pouze z tabulky popisujici detailni jednotlivé druhy zboZi.
Musime pravé tyto dvé tabulky nejprve spojit pomoci existujiciho vztahu 1:n. Potom ziskame z tabulky
prodejt mnoho agregovanych charakteristik (napt. primérny pocet polozek zakoupeny pro jednotlivé druhy
zbozi, minimalni mésicni trzby za jednotlivé obchody atd.). Tyto charakteristiky budou tvofit dodatetné
atributy v tabul ce popisujici druhy zboZi aumozni nam ziskat nové znalosti. K ziskani téchto charakteristik
budou pouzity dfive implementované techniky bitovych Fetézcll, které zaruci velmi rychly vypocet.

Dalsim smérem vyvojeje hledani zajimavych zavidosti mezi dvéma vice-hodnotovymi atributy. To vede k
nutnosti rychlé préace s kontingencnimi tabulkami o rozméru K x L. PouZiti bitovych Fetézcli vede opét k
velmi efektivnimi zplisobu vypoctu frekvenci v téchto slozitych kontingenénich tabulkéach.

3.2. Vizualizace vysedk

Vydedky libovolné data-miningové procedury musi byt jednoduSe interpretovatelng, aby pouziti této pro-
cedury mélo prakticky smydl. Z praxe se ukazuje, Ze je vzdy obtizné prelozit vysedky z formy pouzivané
pro potitatové zpracovani zpét do pojmi a obratli oblasti, ze které pochazi data. Z téchto diivodl je vhodné
se zaméfit na vyvoj co nejintuitivngsich zplisobll zobrazeni vysedkd, kterym by rozumél i poCitatovy
laik. Misto seznamu hypotéz nebo kontingencnich tabulek ariznych kvantifikatordl, miize byt pro uplatnéni
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Obrazek 9: Davkovakonzultace.

vysledkl vice inspirujici zobrazovat vysledky ve formé dvou- nebo dokonce tfi-rozmérného grafu.

Na obrazku 10 je ukazan jeden z moznych zplisobtl takového zobrazeni. Je znazornéna skupina objektl
rozdélenych do tfech tfid - A, B a C a zobrazenych v dvourozmérném grafu podle dvou atributti - Salary
naose X aAge naose Y. Zatimco tfida C je jasné samostatna, tfidy A a B se prekryvaji. To znamena, ze
atributy Salary a Age jsou dostatecné pro rozlieni objektt tfidy C od objekti tfid A a B, zatimco nejsou
dostatecné pro rozliseni mezi tfidami A aB navzgem.

Nasim cilem je vyvinout takoveé zplisoby zobrazovani vysledk, ktery budou snadno intuitivné interpreto-
vatelné pro uzivatel e a zejména primo pro odborniky ve zkoumané oblasti.
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Obréazek 10: Vizualizace vydedkd.
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Biomedicinska informatika

Abstrakt

Dizertatni prace zkouma moznosti modelovani a reprezentace medicinské informace a tzv. elektron-
ického zdravotniho zaznamu. Vzhledem ke klicovému poZadavku univerzanosti a dynamické modifiko-
vatelnosti mnoziny shiranych typll je pro uchovani informaci navrzena a matematicky popsana grafova
struktura zahrnujici tzv. znalostni bazi a datove dozky. Kromé zplisobu ukladani informaci text popisuje
tfivrstvou architekturu systému a zplisob ziskavani ulozené informace pomoci definovaného aplikatniho
rozhrani. Na zavér jsou zminény moznosti mobilniho pfistupu k zéznamu, vyuziti v telemedicinskych
aplikacich azavéry plynouci z prvnich testovani.

1. Uvod

1.1. Ciledizertacniho projektu

Elektronicky zdravotni zé&znam ma potencia uzavfit cyklus mezi klinickou praxi, vyzkumem a vyukou.
Vzhledem k narotnosti jeho obsahu i pouziti musi byt zalozen na nejlepSich vysedcich informatiky i
pocitatovych technologii. Nadruhéstrang, protoZe nelze snadno opustit ani prepracovat dosavadni systémy
natoz Cekat stvorbou novych nadobu, kdy technologiei informatikapokroci natolik, aby bylo mozno splnit
viechny pozadavky na takovy zaznam kladeng, otevienost a modularnost pouzitych systém@l umoziujici
integraci nehomogennich komponent a jednoduchou modifikovatelnost mnoziny uchovavanych dat zde
nabyva nezastupitelného vyznamu.

V projektu “Elektronicky zdravotni zaznam a telemedicind’ se snazime o zvladnuti sou€asného stavu
problematiky elektronického zdravotniho zaznamu i souvisgjicich oblasti a prostfedkd, které poskytuji
soucasné softwarové — zejména databazové — technologie a vysledky medicinské informatiky, a o jejich
rozpracovani ve sméru dokonal €j$iho naplnéni kladenych pozadavkd.

Vzhledem k aplikované povaze tohoto vyzkumu je cil projektu sméfovan k vytvoreni a otestovani funkéni
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uloZeni dat, otestovani soudobych XML komunikagnich trendd, zvoleni vhodnych metod pro zatlenéni
multimedialnich atributli do elektronického zdravotniho zaznamu a zvazeni moznosti rtizného zptisobu
integrace formalizovanych |ékar'skych doporuceni. Cela praceje vytvarenas dlirazem kladenym na podporu
v telemedicinské oblasti, pfevazné je poCitano s moznostmi vzdaleného pristupu ke zdravotnimu zéznamu
pomoci Internetu a rliznych mobilnich zafizeni. Prototypovou platformou pro vyvoj je Pocket PC 2002 a
testovacim zafizenim T-Mobile Mobile Digital Assistant.

1.2. Inspirace

Jednim z vyzkumnych smér{i Evropského centra pro medicinskou informatiku, statistiku a epidemiologii —
Kardio (EuroMISE Centra— Kardio) je aplikovany interdisciplinarni vyzkum v rtiznych oblastech medicin-
ské informatiky. Soucasti tohoto vyzkumu jsou otazky reprezentace medicinskych znalosti. Prototypova
aplikace, na které pracujeme, je inspirovana nékterymi evropskymi projekty z oblasti elektronického
zdravotniho zaznamu (EHR), zejména projektem 14C/TripleC, na kterém EuroMISE centrum spolupra-
covalo ave kterém vznikla dvouvrstva pilotni aplikace EHR ORCA (Open Record for Care) [1]. Viyvijena
aplikace rozviji elektronicky zdravotni zaznam, ktery jsem implementoval v ramci své diplomové prace
a je inspirovana konzultacemi s Iékafi — prevazné kardiology — a Ceskymi, evropskymi a mezinarodnimi
standardy jako HL7, DASTA akomunikacnimi standardy 1SO TC 215aCEN TC 251 [2].

2. Architekturavyvijeného EHR

2.1. ArchitekturaMUDR

V ramci diplomové préace jsem pracoval na vyvoji EHR MUDR (MUItimedia Distributed Record) [3],
ktery je nyni modifikovan a dale rozvijen. Elektronicky zdravotni zaznam MUDR je zalozen na tfivrstvé
architekture s datovou, aplikacni a klientskou vrstvou. Tato dekompozice umoziuje oddélit jednotlivé
funkéni asti systému aumoziuje uzivatel skym rozhranim pracovat nartiznych platformach. Funkce datové
vrstvy spocivav ukladani informaci a kontrole zakladni referentni integrity dat. Aplikagni (funkeni) vrstva
zg)i% uje zjednoduseny pohled nadatabazi azpristupiuje data uzivatel skym rozhranim artiznym klientskym
aplikacim. Tito klienti komunikuiji s aplikacni vrstvou pomoci MUDR API definovaného ve formé platnych
XML dokumentll odpovidgjicich prislusnemu XML schématu. K prenosu tohoto XML je vyuzito HTTP
serveru na aplikatni vrstvé. XML je na strané klienta zabaleno do HTTP POST zadosti atim je pfeneseno

na vstup Gateway Interface (CGl) skriptu, ktery jej dale predava aplikatni vrstve.

Veformédynamickychknihovenjsou ke sluzbé aplikatni vrstvy pFipojovanal ékarskadoporuceni. Jgjich ko-
munikace probihana Grovni win32 prostfednictvim exportovanych funkci a sdilené paméti. Témto funkcim
je predavano XML odpovidajici MUDR API. V tomto ohledu ziskavaji knihovny informace ze zdravotniho
zaznamu pacienta stejnym zplisobem jako MUDR klienti. Architekturaje zobrazenana obrézku ¢islo 1.

2.2. ArchitekturaM UDR?

ArchitekturaEHR MUDR? vychézi ze zakladni koncepcetfivrstvé architektury MUDR, kterou déle dekom-
ponuije zplisobem zobrazenym na obrazku &islo 2. Datova vrstva MUDR? jiz nemusi byt nutné implemen-
tovana na databazovém stroji Oracle. Komunikace obecného MUDR DB Serveru s aplikacni vrstvou je
zgjisténa pomoci adaptatnich modulli — “MUDR DB Connection Module’. Sluzba aplikatni vrstvy —
“MUDR Application Layer Service” — zvoli prisiusny modul ve formé dynamicky pfipojitelné knihovny
dle konkrétniho databazového stroje. S vyuzitim tohoto modulu jiz sluzba aplikacni vrstvy komunikuje
s datovou vrstvou plné transparentné.

Dale duzba aplikaéni vrstvy MUDR? pini logicky obdobné funkce jako sluzba aplikatni vrstvy MUDR;
zgji¥uje funkeéni logiku aplikace, prfipojuje knihovny lékarskych doporuceni (LD) apod. Rozdil patrny
na prvni pohled je ve zpfistupnéni svych sluzeb. Pro komunikaci smérem ke klientlim integruje suzba
aplikatni vrstvy tzv. komunikacni moduly. V prvni verzi probiha implementace komunikatniho modulu
MUDR WS. Tento modul obsahuje a zpfistupiiuje objekty implementujici rozhrani “MUDR .NET Remating
API” (MUDRNRAPI). Pomoci RPC technologie zalozené na .NET Remotingu [4] je mozno vzdalené
volat metody téchto objektll. Toto vyuZiva dalsi komponenta aplikaéni vrstvy — MUDR Web Service.
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Obrazek 1: Schéma distribuované architektury EHR MUDR.
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Tato webova sluzba zpfFistupiiuje klienttim aplikatni rozhrani “MUDR Web Service Application Interface”
(MUDRWSAP!). Typicky |ékar tedy pracuje sk EHR MUDR ze své pracovni stanice, vyuzivaaplikatniho
HTTP serveru pro komunikaci a SOAP protokolu pro kbdovani prikazll a parametril a pristupuije takto ke
suzbé MUDR Web Service[5].

Pro pfipadné vyuziti EHR MUDR tenkymi klienty ve formé& HTML ¢ WAP klientdl na jednoduchych
zafizenich je dale pocitano s vytvorenim tzv. MUDR WS Proxy Service. Tato komponenta ve formé CGI
by méla vystupovat na jedné strané jako klient MUDR Web Service a na strané druhé by méla zpFistupnit
EHR MUDR veforméHTML ¢ WAP stranek.

3. Reprezentacedat

Z dbivodUli nezavidosti zaznamu na pouZitém databazovém stroji nepopisuje prace fyzické schéma databaze.
Misto toho je poskytnuto matemati zované zobecnéni, kteréje mozno fyzicky implementovat pomoci riiznych
databazovych strojti riiznym zplisobem. Nékteré databazové systémy umoziuji vyuzit hnizdénych tabulek
Ci objektoveérelatnich technologii, v jinych systémech je tfeba s vystacit srelatnimi tabulkami. Pfislusnou
transparentnost pristupu zgjistuje MUDR DB Connection Module.

Vzhledem k poZzadavku na dynamicky se ménici mnoZzinu sbiranych druhfi Gdaji neni mozné vyuzit jako
z&klad pro zaznamenani hodnot klasickou relagni tabulku se sloupetky odpovidajicimi jednotlivym ukla-
danym velicinam. Misto toho jsou k ukladani dat pouZity dale popsané struktury teorie graf {i, tzv. znal ostni
baze v kombinaci s datovymi slozkami.

3.1. Znalostni baze

Hlavnim Ukolem znal ostni baze je zachycovat druhy sbiranych tidaj tl avztahy mezi nimi. Formalnéznal ostni
bazi MUDR KB definujeme jako orientovany graf:

MUDR KB = (Vip, Egp)- (1)
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Obrazek 2: Schéma architektury MUDR?.
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Vrcholy grafu, prvky n € Vi, 0znatujeme jako uzly znalostni baze. Kazdy uzel zna ostni béze je Ctvefice:

n= (75¢aw>€nd)a (2)

kde y je jednoznatny identifikator v ramci v&ech uzll, ¢ je mnemotechnicky, maximalné desetiznakovy,
fetézcovy identifikator, w je datovy typ ae,q obsahuje z&kladni administrativni (daje napfiklad o tom, kdo
akdy vlozil uzel do znalostni baze.! Hrany grafu e € Ey;, jsou také Ctvefice:

€= (aaﬂaT; fed); (3)

kde a, 8 € Vyp 0znatuji odkud kam hranavede, T je typem hrany urcujicim druh vztahu mezi koncovymi
uzly ae4 uchovavaadministrativni Udaje, tentokréat tykajici se prislusné hrany.

Mezi typy hran existuje jeden dominantni typ — tzv. inferior — vedouci od rodice k potomkovi a urcujici
timto hierarchicky vztah mezi uzly znalostni baze. Vyjmeme-li ze znal ostni baze hrany vech ostatnich typd,
pozadujeme, aby vznikl orientovany les s nékolika malo stromy. Tyto stromy oznaCujeme jako domény

malostni baze. Kazda doménasdruzuje uzly slouZici ke stejnému Gcelu. Typicky pravé jednadoménasouzi
pro uchovani mnoziny vech shiranych (dajli o pacientovi. Uzly té&to domény nazyvame sémantické typy.

1 Déesi z oblasti programovani vypljcime indexové znateni, napriklad zapisem n[w] budeme myslet tfeti slozku, tj. datovy typ
uzlun.
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MnoZinu sémantickych typli znatime V;; pfirozené plati V; C V. Jiné domény uchovavaji napriklad
hierarchicky strukturovanou mezinarodni klasifikaci nemoci MKN10, anatomicko-terapeuti cko-chemickou
klasifikaci chemickych nazvli ATC &i klasifikaci mérnych jednotek Sl nebo seznam &kl dostupnych na
Ceskémtrhu. Hrany dalSich typli umoziuji vloZzit medicinskou znal ost do této struktury. Predstavit s mlizeme
typy hran, které oznacuji ekvivalenci dvou sémantickych typli nebo napriklad indikace a kontraindikace
nékterého l&ku.

Uzly se stejnym otcem nazyvame bratry a zna€imeny { ns. Formanéje-li ni,ny € Vi, pak:

ny §$ na &L 5 e1, ez € Epp, e1[a] = ex]a], e1[f] = n1,e2[f] = na, e1[1] = ex[r] = "inferior”. (4)

Trividné vidime, Ze bratrstvi je relaci ekvivalence. Logicky, bratfi slouzi k podobnym cel&im, napf.
zaznamenani ulice ameésta v kontaktni adrese pacienta.

Uzly nemgjici otce nazyvame kofeny domén apron € Vi, piseme:

n € Ry &5 (Ve € Epp, e[T] = "inferior” = ¢e[f] # n). (5

Pozadujeme, aby jméno ¢ bylo mezi bratry vZdy jednoznatné. Stejnou jednoznatnost vyZadujeme mezi
koreny domeén, tedy:

(n1 ¢ n2) V (n1,n2 € Rky) = (n1 =n2) V (nifp] # nay)). (6)

Datovy typ uzlu je vyznamny predevdim pro sémantické typy. Rozlisujeme zakladni datové typy jako ¢islo,
boolean €i text, multimedialni datové typy: obraz, audio, video a binarni soubor a speciani, tzv. referencni
datove typy. Déle existuje pomocny datovy typ adresaf. Datové slozky (viz def. 8 na str. 137) mgjici
datovy typ adresar maji prazdnou hodnotu a slouZi napfiklad k seskupovani svych podslozek. V nejnovési
verzi MUDR? je na multimedialni data uplatiiovan jednotny pohled a rozliSovani je provadéno podle
“Multipurpose Internet Mail Extensions Type” (mime-type, viz RFC 2048) atributu. V této verzi byl také
pridan vyctovy datovy typ “enum”.

3.2. Datovédozky
Konkrétni zadan& data tvori orientovany les MUDR DF', forméané:

MUDR DF = (Dy, Eyy). (7)

Zaznamy jednoho pacienta odpovidaji vZdy jednomu stromu v tomto lese. Vrcholy d € Dy nazyvame
datové slozky a definujeme jako Ctvefice:

d= (6,0, &r)- (8)

Zde § je jednoznatny identifikator v ramci vSech datovych slozek, o je semanticky typ ve znalostni bazi
(o € V,)? a) jetzv. hodnotou datové slozky. Doménatéto hodnoty je uréenadatovym typem datové slozky,
ktery implicitné vyplyva z semantického typu o. Pod poloZkou e se skryva mnozstvi administrativnich
informaci urcujicich kdo akdy, zadal, smazal €i potvrdil pfisluSnou datovou slozku, jaké je obdobi platnosti
hodnoty, spolehlivost zadaného Uidaje apod.

2 Implementace samotna je typicky provadéna formou odkazu na semanticky typ ve znal ostni bazi.
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Hrany e € E4 jsou tentokrét netypovang, vytvareji pouze hierarchicky vztah “otec - syn”, tedy Eqg C
Dy x Dyr. Navic pro MUDR DF musi platit:

1. Vd € Dy (3d' € Dy, (d',d) € Eg V d[o] € Rp)

2. d,d' € Dy, (d',d) € By = Je € Er e[a] = d[o],e[B] = d'[0],e[r] ="inferior”
Slovné popsano prvni podminka vyjadrfuje, Zze kazda datova slozka ma otce nebo jeji semanticky typ je
kofenem domény. Druha podminka tvrdi, méa-li datova slozka d otce d’, pak semanticky typ d je syn
sémantického typu d'. ZjednoduSené feceno, podminky zaru€uji, Ze datova ¢ast odpovida znalostni bazi a

Ze v ni “neplavou” volné uzly. Maly priklad nékolika ulozenych dat a €asti znal ostni béaze je znazornén na
obrézku €ido 3.

Pacient
e Stupnice
\f Administrace i
7610251234 — > Rodné éislo MKNI10
/\ Fyzikalni vysetieni
. > v
Krevni tlak
% > systolicky
ystolicky
160 ‘/\‘ .
110 Diastolicky
105 _—
m 111
Objektivni anamnéza
Diaané
\ Odkaznall0ve — = iaghozs. &~ ¢
stupnici MKN10 ¢ > 110 111.9

Obréazek 3: Priklad reprezentace dat v EHR MUDRZ.

4, Ziskavani informaci z MUDR

4.1. Rozhrani pro pristup k datiim

Pro Gcely komunikace s aplikatni vrstvou EHR MUDR bylo definovano aplikagni rozhrani MUDR API.
Toto rozhrani ma formu platnych XML dokumentl odpovidajicich XML Schématu MUDRAPI .xsd [6].
Existuji 2 druhy platnych XML dokumentll: smérem k aplikatni vrstvé je pouzivan dokument sestavajici
z identifikace uzivatele a posloupnosti prikazil, smérem od aplikacni vrstvy je pouzivan dokument slozeny
z posloupnosti odpoveédi. Kazdému prikazu je pfifazen jednoznacny identifikator v ramci XML dokumentu.
Tentoidentifikator kopirujeaplikatni vrstvado odpovédi, aby klient spravnéajednoduSerozpoznal, k jakému
prikazu se pfisusna odpoved’ vaze. Ke kazdému prikazu jsou definovany mozné odpovéedi.

Aplikaeni rozhrani MUDR API bylo navrzeno tak, aby obsahovalo relativné malou mnozinu prikazli a
pfitom umoznoval o plnohodnotné pracovat s el ektronickym zaznamem vcetné Uprav znal ostni baze, spravy
uZivatelll ajejich pravomoci, prace s vyrazy v riznych svétovych jazycich apod.

4.2, Typické pouziti aplikacniho rozhrani

Jak je patrno z obrazku ¢iso 2 aplikagni rozhrani pro EHR MUDR? je feSeno odlisné po technické
strance. Komponenta MUDR Web Service zpfistuphuje tzv. MUDRWSAPI. Toto aplikagni rozhrani ses-
tava z mnoziny funkci, které je mozno volat vzdaené pomoci technologie webovych sluzeb. Pro prikazy
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ptivodnihoMUDR API naleznemev MUDRWSAPI funkce provadéjici obdobnou sluzbu v kontextu nového
EHR. Opacnétoto pravdaneni. V plivodnim EHR bylo analyzovano chovani klientll ana zakl adé ziskanych
poznatkl bylo API rozsifeno. Klienti nyni mohou pozadat napfiklad o cely strom 7' C MUDR DF' odpovi-
dajici ur€itému pacientovi nebo ziskat ur€ity fragment znalostni baze K C MUDR KB. V plvodni im-
plementaci ziskavali klienti postupné (maximéné “po patrech”) jednotlivé datové slozky d € Dy Ci uzly
znalostni bazen € Vy,, s pfidanouinformaci o nékterych hranach v prisludné strukture. Klienti implementuji
rtizné modifikace a kombinace klasickych “Depth First Search” (DFS) a “Breadth First Search” algoritmd
k prohledavani ziskanych grafovych struktur. Celkem existuje 21 zakladnich pFikazl, z nichz pro potieby
prohledani informaci ze zaznamu pacienta jsou relevantni 4 prikazy uvedenév tabulce ¢islo 1.

Prikaz Popis pfikazu

get_knowledge_domains | VypiZe kofenové uzly znal ostnich domén.
get_knowledge_node VypiSe detailni informace o uzlu znal ostni baze.
get_node_neighbours Vypige seznam okolnich uzl & k uzlu znal ostni baze.
get_data_files Vréti urCitou(-€) datovou(-€) slozku(-y).

Tabulka 1: Vybrané pfikazy aplikatniho rozhrani MUDR API.

Na pfikladé v jazyce C++ s ukazeme algoritmus nacteni podstromu znalostni baze. Kazdé volani metody
AppendChi | dr en nattedalSi patro stromu znal ostni baze. Vngjsi cyklus pres pN2 prochazi uzly z patra,
které pravé zkoumame. Vnitfni cyklus pfes pN1 pfidava postupné do xm Next Layer pozadavky na
prozkoumani véech synll. Je-li alespoi jeden takovyto poZzadavek pridan, je pred koncem metody volano
zpracovani xm Next Layer . ProcessCimds() ametodaAppendChi | dr en jerekurzivnévolanana
vysedek. Objekty tfidy CMUDRXM.Doc sdruzuji dva XML dokumenty, jeden shromazd'’ uje pfikazy a do
druhého (mpXM_Resp) je ulozenaodpovéd’ po Pr ocessCmds() .

bool CKnow edgeTree: : LoadTree(i nt nRoot Nodel D)

{
CMUDRXM.Doc xm Doc;
xm Doc. AppendCmd_Get Knowl edgeNode( nRoot Nodel D) ;
i f(xm Doc. ProcessCmds()) return AppendChil dren(xn Doc);
el se return fal se;
}

bool CKnow edgeTr ee: : AppendChi | dr en( CMUDRXM.Doc& xm DocNodes)

| XMLDOVEI enmrent Pt r pELRoot = xml DocNodes. mpXM.Resp- >Get docunent El enent () ;
| XML.DOWNodePtr pN1, pN2 = pELRoot->GetfirstChild();
CMUDRXM_Doc xm Next Layer ;

whi | e( pN2)

{
pN1 = pN2->CGetfirstChild(); pN2 = pN2->Getnext Sibling();
if(!pNl) continue;

do {
CKnow edgeNode *pNode = new CKnow edgeNode( pNl);
St or eKnowl edgeNode( pNode) ;

for(int i = 0; i <= pNode->mdwal nfs. Get Upper Bound(); i++) {

xm Next Layer . AppendCmd_Get Knowl edgeNode( pNode- >mdwal nfs. Get At (i));

}

} while ((pN1 = pN1->GetnextSibling()));
}

i f(!xm NextLayer.|sEmty()) {
i f(xm NextLayer.ProcessCmds()) return AppendChil dren(xm Next Layer);
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el se return fal se;

}

return true,

}
Prikaz get_data files|ze pouZit tfemi zakladnimi zplisoby:

1. Dotaz na datovou slozku d € Dy pomoci jejiho identifikétoru d[d]. Vracenaje kompletni informace
o datové dozce. V pFipadé multimedianich dat Ize dokonce specifikovat nékteré vlastnosti hodnoty
datovésozky d[\] asystém provede prislusnétransformacejako napriklad pfevod do urcitého formétu
Ci nastaveni Grovné komprese.

2. Dotaz na datové slozky pomoci jejich spoletného otce. Vréceny jsou vSechny datové slozky d € Dy,
které maji otced’ € Dy specifikovaného dotazem, tj. pro vrécené datové slozky d plati (d', d) € Ey.

3. VWyhledavani datovych dozek d € Dy pomoci zadané kli€ové hodnoty A’, sémantického typu do] a
upfesiujicich parametr vyjadfujicich vztah mezi d[\] a \’. Tento zplsob je hodnéflexibilni alzejim
vyhledat napriklad datové slozky systolického krevniho tlaku vétsiho nez 180 mmHg nebo pfijmeni
pacientll za€ingjici Fetézcem “Nov”.

Pfi prohledavani datovych slozek i znalostni baze vyvstava potfeba odkazovani se na urcity sémanticky
typ €i libovolny jiny uzel znalostni baze. Jednou moznosti, jak se odkézat na uzel n € Vi je vyuzit
identifik&tor n[v]. Pro pfipad, Ze klient timto dajem nedisponuje, |ze vyuZit tzv. Gplné jméno uzu. Uplné
jméno uzlu n definujeme jako posloupnost ¢y, @1, ..., ok, jestlize existuji uzly ng,n1, ...,n, € Vip, kde
Vi € 0..k ni[go] = ;, no € Ry, npz, = naVvi € 1.k Je; € Ekb,ei[a] = ni_l,ei[ﬂ] = ni,ei[T] =
?inferior”. Uplné jméno uzlu zapisujeme tegkovou notaci ”¢g.¢1.¢2. ... .¢x”, tedy napfiklad ”PA-
TIENT.PHYS_EEXAM.BRSYSTOLIC".

Uplné jméno uzlu jednoznaéné identifikuje uzel znalostni baze. Dilkaz provedeme indukci. Pro ng pred-
pokladame ng € Ryp. Dle (6) tedy Vn' € Rip, n' # n = n'[p] # nolp] = o, tedy "p” jednoznatné
identifikuje n§jaky kofen znalostni domeény. Predpokladejme nyni, Ze fetézec ” pg.1.¢2. ... .p;” jednoz-
nacneé identifikuje uzel n;. Postupujme sporem, necht Fetézec ” ¢g.¢1.92. ... .@i-@i+1” odpovida dvéma
uzltm n;,ng € Vip,n; # ng. Uzel n; je ae jednoznatné uréen posloupnosti ” po.¢1.¢2. ... .¢;”, tedy
Jde € Epp,e[a] = ng,e[B] = nj,e[r] = "inferior”. Stgjné tak pro ny mame 3e' € Egp,e'la] =
n;,€e'[B] = ng,€[r] = Tinferior”. Tedy z (4) plyne, Ze n; & ny, pek ae dle (6) musi byt
pit1 = njle] # nile] = @it1, coz je spor.

5. Mobilni pFistup k zaznamu

5.1. VyuZiti tenkych klientd

Ze schématu architektury na obrazku 1 je patrno, ze pro typickou komunikaci mezi klienty a aplikacni
vrstvou je vyuzivano XML definované v [6]. Kvlli prikazové orientovanému charakteru tohoto XML je
nutng, aby standardni klientské aplikace disponovaly nezanedbatel nou vypocetni silou.

Pro pristup k zaznamu z tenkych klientll je vyuZivana mnozina sluzeb na strané aplikacni vrstvy, ktera
transformuje prikazové orientované XML do HTML & WML jazyka. Tyto utility jsou implementovany
jako specialni preprocesory ve formé CGIl programll & HTTP Server modulll. Timto zplisobem miize
byt vedkera dlozitost a aplikacni logika pfesunuta na prostfedni vrstvu MUDR zaznamu, coz zjednodusi
vypocetni naroky na uzivatelské rozhrani a umozni vyuzit klienty ve formé WWW prohlize¢l, Pocket,
Handheld &i Tablet PC, PDA nebo mobilnich telefonll. Jednim z prvnich testovacich modul & byl modul
pro Nokia 9110i Communicator. U tohoto zafizeni bylo nutné pamatovat nato, ze WWW prohlizet nepod-
poruje ani tabulky ani ramce. Obecné je velmi diileZité prizplisobit vystup podminkam malého prenosného
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zafizeni. V porovnani z osobnimi pocitali je tfeba pocitat s malym a €asto monochromatickym disple-
jem, omezenymi moznostmi ovladani, mensi paméti a vypocetni silou, pomal gj8im datovym prenosem atd.
S prihlédnutim k témto omezenim zvazujeme FeSeni, které by umoziovalo predtfidit data dle specifikace
|Ekare aznal osti informaci o pacientovi tak, aby pouzerelevantni data bylapfenasenak |ekafi azobrazovana
na mobilnim zaFizeni. Ostatni data by byla pfistupnaaz na specialni vyzadani. Timto by dod o ke zmenSeni
objemu prenaSenych dat a sniZeni potfebné prenosove kapacity. Bohuzel, tento zplisob stale narézi naobavy
z moznych nad edkli chybného rozhodnuti na zakladé neliplné informace.

Jak je vidét ze schématu na obrazku 2, v noveé verzi je pouziti tenkych klientli pfesunuto az zatzv. “MUDR
WS Proxy” duzbu. Je tomu tak proto, Ze vyuziti tenkych klientti je ¢im dal vice potlatovano. Divody
k tomuto jsou dva. F¥ilis jednoduché zafizeni nedokéaze dostatetné prehledné zobrazit potfebné informace
tak, aby Iékarfi byli ochotni s témito informacemi pracovat. Kromé toho s vyvojem v oblasti mobilnich
komunikaci pfichézi natrh mnoho mobilnich zafizeni, ktera umoznuji implementace tzv. tlustych mobilnich
klientli, kterym se ve své préaci snazim vénovat vice.

5.2. Tlusti, ale mobilni klienti

Nenovgsi trend vyzkumu mobilniho pfistupu k EHR MUDR spocivav tvorbétzv. “.NET Compact Klienta”.
K vyvoji jepouzivan“ .NET Compact Framework” [7], ktery je pfirozenépodporovan vevyvojovémnastroji
“MSVisua Studio .NET 2003" [8, 9]. Tento nastroj v kombinaci s programovacim jazykem C# pfispivake
vzniku MUDR mobilniho klienta na platformach “ Pocket PC” a“ Smart Phone 2002”. Pomoci .NET Studia
rozsifeného o tzv. “ Smart Device Extensions’, pfipadnév kombinaci s“Microsoft Mobile Internet Toolkit”,
Ize v souCasné dobé jednoduse vyvijet pro vice nez 200 riiznych zafizeni, pfi¢emz tento pocet velmi rychle
vzrista. Diky tomu, Ze stéle vice zafizeni pouziva Windows XP Embedded and Windows CE .NET [10]
operatni systémy, je vyvoj do jisté miry transparentni zaleZitosti.

V souCasné dobe jako testovaci a vyvijeci platformu pro mobilniho MUDR Klienta vyuzivame zafizeni
T-Mobile MDA. Tento mobilni digitalni asistent kombinuje vyhody mobilniho telefonu podporujiciho
GPRS s osobnim digitanim asistentem (PDA) na platformé Pocket PC 2002 Phone Edition (WinCE 3.0).
Kombinaci vykonu procesoru Intel Arm SA-1110 206MHz, barevného TFT 240 x 320 pix. dotykového
displeie a 32 MB RAM rozsifitelné pomoci MMC karet je poskytovana dostatetna funkénost pro pouziti
v medicinském prostfedi.

Dalsi vyvoj sméfujemek pouziti tzv. ultraosobnich poGitatl, které predstavilafirmaMicrosoft na“ Windows
Hardware Conference 2002" (WinHEC 2002). Tyto pocitae dibuji posunout éru osobnich poitatti kupfedu
srovnatelnym zplisobem jako posunul pfichod mobilnich telefond svét telekomunikaci. Prvni produkt této
fady by mél byt k dispozici koncem roku 2003. Jde o pIné funkéni vestranny wireless handheld pocitat,
ktery jednoduse poslouzi i jako notebook. Pocitat méFici cca. 10,5 cm x 7,4 cm x 2,3 cm avazici nevicenez
250 grami vyuzivaoperatni systém Microsoft Windows X P Professional, zahrnuje 1GHz Crusoe TM5800
processor od firmy Transmeta Corporation, 4 palcovy barevny VGA LCD displg) s dotykovou obrazovkou,
USB, zvukovy vystup a podporu pro bezdratové sité 802.11b and Bluetooth.

5.3. Komunikace mezi mobilnimi klienty a MUDR zaznamem

Jak jiz bylo Fe€eno, tlusty mobilni klient vyuziva MUDRWSAPI ke komunikaci s elektronickym zdravot-
nim zéznamem MUDR. V praxi to znameng, Ze na strané klienta je tfeba vytvofit tzv. “proxy objekt”
webové sluzby MUDR Web Service. Tento proxy objekt nazveme napf. MUDRWSPr oxy a podédime
odtfidy Syst em Web. Ser vi ces. Prot ocol s. SoapHtt pC i ent Pr ot ocol . Pro kazdou metodu
rozhrani MUDRWSAPI jsou vytvoreny 3 metody proxy tFidy, jedna stejného nazvu jaky mavefeinafunkce
rozhrani, jedna s prefixem Begi n ajedna s prefixem End. Prvni metoda slouzi pro normalni synchronni
vyvolani urcité funkce MUDRWSAPI, dal§i dvé jsou ur€eny pro asynchronni komunikaci. Ve vyvojovém
prostfedi MS .NET Studiajetvorbaproxy tfidy automatizovananazaklade WSDL dokumentu generovaného
webovou duzbou [5]. Mame-li k dispozici proxy tfidu, I1ze jednoduchym kédem vzdaené volat rozhrani
MUDRWSAPI:

try
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cz.eurom se. uni x. MUDRWBPr oxy mws = new cz. eurom se. uni x. MUDRWBPr oxy() ;
mas. Url = "http://unix. eurom se. cz: 6004/ MUDRWbSer vi ces/ MUDRWBL. asnx”;
Knowl edgeNode nd = mws. get _know edge_node(” PATI ENT. PHYS_EXAM BP. SYSTCLI C') ;

catch (Exception ex)
{ Msg. Text = "Chyba pfi vol ani sluzby: ” + ex.Message; }

6. Zavér

Vyuziti amoznosti mobilniho pristupu k elektronickému zdravotnimu zaznamu zéavisi podstatnou mirou na
vyvoji v oblasti mobilnich komunikaci anavyzkumuarychlémvyvoji podplirnych nastrojti prolékare. Prak-
tické testovani ukazalo, Ze na prilis malych ajednoduchych zafizenich neni mozné strukturovat medicinské
informace tak, aby |ékafi byli ochotni s elektronickym zdravotnim zéznamem timto zplisobem pracovat.
Nicméneé casteCné vyuZziti se nachazi i zde napriklad v rychlém zobrazeni prehledu stavu pacientas moznosti
online vkladani jednoduchych poznamek do zdravotniho zaznamu.

Na druhou stranu se v dnesni dobé objevuje na trhu spousta malych zafizeni s relativné velkym displejem
a dostateCnou silou na to, aby bylo mozné implementovat plnohodnotné mobilni klienty elektronického
zdravotniho zaznamu. Ve své praci se snazime toto respektovat pfi vyvoji MUDR mobilnich modul &1 i pfi
dal&im vyzkumu v oblasti telemediciny. V oblasti mobilniho pFistupu k dattim vyuZivame nové technologie
anejvice podporované arozsifené nastroje.

Bohuzel tomu, aby mobilni pFistup k elektronickému zdravotnimu zaznamu presel z testovacich labo-
ratornich podminek do b&zné praxe kazdého |ékare, brani zatim dva zasadni problémy. Jednim je stale
pomérné vysoka cena za prenesena data a druhym pomérné mal a ispesnost téchto zarizeni pfi rozpoznavani
rukopisu, zvlasté pak jde-li o ¢esky jazyk. Prvni problém by bylo moznétesit “ cacheing technikami” v kom-
binaci s €asteCnou synchronizaci dat obCasnym pfimym propojovanim s pevnou pracovni stanici, na feseni
druhého problému pracuji vyvojari komercnich firem.

Podékovani

Prace je &astetné podporovana projektem LNOOB107 Ministerstva skolstvi, mladeze a télovychovy Ceské
Republiky.
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Abstrakt

Prace je zaméfena na klasifikaci multispektralnich satelitnich snimkt metodou umélych neuronovych
siti, jgjiz vyvoj a vyuZivani je zatim v pocatcich. Prace se soustfeduje predevsim na konkrétni zpra-
covani snimku touto metodou, pricemz dllezitym bodem je navrzeni postupu zpracovani v dostupnych
programech. Z&kladem je Fizena klasifikace neuronovymi sitémi do nékolika tfid land use/land cover v
programu Statistica Neural Networks se souCasnym vyuzitim programu Idrisi. Cilem prace bylo ngjen
vyzkouset klasifikace rliznymi neuronovymi sitémi, ale take porovnat vysledky z takto vytvorenych klasi-
fikaci s obvykle pouzivanou metodou maximum likelihood a s klasifikacemi neuronovych siti v programu
Geomatica

1. Uvod

Vyuziti dat dalkového priizkumu Zeme (DPZ) je v soutasné dobé stile Casté&j&i avelmi rozsahlé. Vzhledemk
nejrtiznggim aplikacim vyuZivanym napriklad pro zemédélskou evidenci plidniho fondu, mapovani vyuziti
Uzemi, zjifovani zamokfeni, lesni hospodarstvi ¢i pro analyzy zivotniho prostfedi, se objevuje i mnoho
rozlitnych metod zpracovani téchto dat. JelikoZ presnost a spravnost vyhodnoceni snimkil zavisi také na
spravné zvolené metodé klasifikace, neni divu, Ze se objevuji stle nové pristupy. Mezi nejnovési metody
klasifikace obrazu patfi klasifikace pomoci umélé neuronovésité (Artificial Neural Network Classification).

Soutasné s narlistem rozsahu dostupnych dat DPZ pfibyvaji i moznosti pouZziti neuronovych siti, které se
tak zataly pouZivat i pro klasifikaci multispektralnich snimkd. V podednich letech bylo zvefejnéno nékolik
aplikaci klasifikatnich pristupll zaloZzenych na neuronovych sitich, které ukazaly vyhody uméych neu-
ronovych siti oproti obvykle pouZzivanym statistickym klasifikatorlim. Pfistupy neuronovych siti jsou totiz
nezévidé nastatistickém rozl oZeni dat adoké&zi odhadnout nelinearni vztah mezi vstupnimi apozadovanymi
vystupnimi daty. NejCastgji se v této problematice vyuZiva metoda Fizené klasifikace obrazu neuronovou
siti Multi-Layer Perceptron feed-forward back-propagation, neboli vicevrstvou siti se zp&tnym Sifenim pfi
uceni. Vyzkum klasifikatnich metod s neuronovymi sitémi je v3ak stdle ve vyvoji, kterému by mélapomoci
i tato prace.
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2. Postup klasifikace

Ke zpracovani zvoleného tématu byl pouzit vyfez z multispektralniho satelitniho snimku ze skeneru ETM +
druZice Landsat 7 z roku 2000 s rozliSenim 1 pixelu 30 m. Zvolené (zemi v oblasti Polabi, pfiblizné mezi
Litomé&Ficemi a Mé&nikem, spliuje predpoklad riiznorodosti krajiny potfebny pro klasifikaci vyuziti Gzemi.

Pro moznost dobrého porovnani vysledkil klasifikaci byla zvolena Fizena klasifikace. Rizené klasifikace
pouZzivaji soubor dat se znamymi vystupy (tzv. trénovaci data), na nichz se klasifikéator nauci rozpoznat jed-
notlivé pfipady. Bylo tedy nejprvenutnéco nejlépevybrat klasifikatni tfidy atrénovaci soubor sreferencnimi
daty.

K definici klasifikatnich tfid byly nakonec vybrany dva trénovaci soubory - pro klasifikaci do 11 a 7 tfid,
jegjichz vycet vidite v obr. 1. Prvni klasifikace do 11 tfid pfedpokladavelkou Uspésnost, protoze jsou tFidy a
trénovaci data dobfe vybrana. Pfi druhé klasifikaci do 7 tfid jiz nejsou trénovaci data tak kvalitni atak by
mély byt patrné rozdily mezi jednotlivymi klasifikétory.

11 TRID 7 TRID

1 |vodn plochy 1 |wodn plochy

2 liehhiEnate lesy 2 liehlitnate lesy

2 |istnaté lesy 2 istnaté lesy

4 Jurbanizované, rastavéné plochy 4 Jurbanizované, zastavéné plochy
5 |hold plda, doprasmd stavby apod. 5 |holi pida, dopravnd stavby apod.
& |zemédélské plochy 1 & Nouley

7 |zemeédeélske plochy 2

8 )zemédélské plochy 3

9 |zemidilské plochy 4 7 |zemedelske plochy

10 |zemédélské plochy 5

11 |zemédélské plochy &

Obréazek 1: Klasifikatni tfidy.

Po vytvoreni trénovaciho souboru bylo mozné snimek klasifikovat do zvolenych tfid. Z&kladem byla
samoziegjmé klasifikace neuronovymi sitémi v programu Statistica Neural Networks (SNN), kde jsem vyzk-
oudelarlizné typy a architektury neuronovych siti. Nékteré takto vytvorené klasifikace jsem pak porovnaa
se stejnymi, vytvorenymi v programu Geomatica, tedy v programu pro zpracovani dat DPZ s noveé zabu-
dovanym modulem pro klasifikaci neuronovymi sitémi.

Zdajsou klasifikatory neuronovych siti skutetné lepsi nez bézné pouzivané klasifikace bylo mozné posou-
dit az po vytvoreni klasifikaci maximum likelihood. Tyto klasifikétory zalozené na pravidle nejvetsi
pravdépodobnosti podavaji ze statistickych klasifikatorl vétsinou nejlepsi vysedky. Srovnavaci klasifikace
maximum likelihood byla vytvorenav programech Idris a Geomatica.

3. Klasifikace neuronovymi sitémi

Ke zkoumani moznosti klasifikace snimkl neuronovymi sitémi musel byt navrZen takovy postup, ktery
bude vyuzivat profesionalni program urceny k feSeni Gloh pomoci neuronovych siti. Tomuto U¢elu pIné
vyhovoval program Statistica Neural Networks. K prevodu snimk{l do tohoto programu byl pouZit program
Idrisi, protoze SNN umoziujepraci pouze stabulkovymi daty. V hodnost zvoleného postupu byla posouzena
srovnanim s klasifikacemi v programu Geomatica.

V programu SNN byly vyzkouSeny s rliznym nastavenim Ctyfi zaladni typy neuronovych siti- Multilayer
Perceptron, Radial Basis Function, Linearni a Pravdépodobnostni neuronové sité. Nejlepsi vysledky davala
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klasifikace neuronovousiti Multilayer Perceptron strénovanim backpropagation, proto bude blize vysvétien
predeviim princip této klasifikace. V stupem do klasifikacejsou radiometrickéhodnoty z jednotlivych kanal b
Landsatu 7, které odpovidaji odrazivosti objektl v jednotlivych spektralnich pasmech a urcuji velikost
vstupniho signalu. Vnitfni parametry sité pak musi byt nastaveny tak, aby nejveétsi vystupni signal byl u
neuronu odpovidajiciho pozadované tfidé. Toto nastaveni se upravuje béhem trénovani neuronoveé sité a
z&lezi naném konetna presnost klasifikace.

Priklad zpracovani snimku je znazornén na obrazku 2 s vyznatenymi aktivacemi neuronll pro pixel z
mestské zastavby, ktery matémeér ve vech kanalech vysokou odrazivost. Nastavena vahova propojeni pak
tyto vstupni signaly zméni tak, Ze nejvySSi vystupni signél vyjde praveé u 4. vystupniho neuronu. Ke véem
ostatnim vystupnim neurontim vahy tento signal utlumi, kdezto smérem k poZadovanému uzlu ho zvy3i.
Takto se pak pri klasifikaci zpracuje pixel po pixelu cely obraz.

E.
5 o Vahred =&
E;ag;:jmetr_mk{ao s Sy propojerd mezi E B
] d.m:utyﬂfnfelll E'E bt EE Jeduathan 1 wodni plochsr
W ]E T ® jend mezi Ty aitd
Fohitashi =B Fro o) I uzly si
Landsatu 7 2 jehliénaté leswy
3 listnaté lesy
ETM 1
4  urbanizowvané plochy
ETM 2
5 hold pida, stavhy apod.
ETM 3
6 zemédélské plochy 1
ETM 4
7 zemédélské plochy 2
ETM 5
8  zemédélské plochy 3
ETM 7
9 zemédélské plochy 4
10 zemédélské plochy 5

11 zemédélské plochy 6

Obrazek 2: Priklad tfivrstvé perceptronové sité se 6 vstupnimi, 8 skrytymi a 11 vystupnimi uzly (MLP 6-8-11) s
prikladem vstupu avystupu pfi klasifikaci satelitnich snimkii (s vyznatenymi aktivacemi pro mésto).

Neurony v siti jsou propojeny tzv. vahovymi propojenimi, které zesiluji nebo zedabuji signal prichazejici z
predchozich neuronll. Suma téchto vazenych signalli uréuje aktivaci neuronu, ktera ovliviuje dali vystup
z neuronu (viz (1). Vystup z neuronu je pak funkci prave této aktivace, jak je mozné vidét naobr. 3. ave
vzorci (2), kde je vystup vypocten na zakladé nejCastgjsi 1 ogistické aktivacni funkce.

n
aktivace neuronu a = Z w;x; —h Q)

i=1
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Obrazek 3: Matematicky model neuronu.

wstup y:

y=f(a) = 2

Nastaveni vah tedy hraje ve fungovani neuronove sité diilezitou roli. Ke spravnému nastaveni dojde pfi
UspésSnem trénovani neuronovesité, k emuz pouzijemetrénovaci soubor, ve kterém zname spravné zafazeni
pixelt do jednotlivych klasifikatnich tfid. Pfi trénovani neuronové sité se § signaly nejprve vy3dou smérem
dopredu, u vystupnich neuronll se porovnaji vystupy s poZzadovanymi a zjidténé chyby se pouZiji ke zméné
nastaveni vah v siti. Hledani vhodnych parametrli sité se opakuije dokud nejsou chyby mezi poZzadovanym a
aktuanim vystupem minimani. Timto zplisobem je neuronovasit schopnarozpoznat i statisticky podobna
data a proto je UspeSnost jgi klasifikace velmi vysoka.

4, Vyuziti programu Statistica Neural Neworks

Statistica Neural Networks (SNN) je produktem americké firmy StatSoft, Inc., Tulsa
(http://lwww.statsoft.com). Tento profesionani program napsany v jazyce C/C++ je samostatné fun-
gujici Casti softwaru Statistica uréenou k feSeni (Gloh pomoci neuronovych siti. V préci byla pouZzita
dostupnaverze programu SNN 4.0 E z roku 2000. Program pracuje s daty v tabulkové podobé a umoziuje
snadny pfevod do jinych aplikaci.

SNN podporuje praci s Sesti z&kladnimi typy neuronovych siti - Multilayer Perceptrons, Radial Basis
Functions, Kohonen, Probabilistic, Generalized Regression a Principal Components. V tomto programu
tedy mlizeme vytvaret rlizné typy a architektury neuronovych siti, které miizeme ucit rliznymi trénovacimi
algoritmy na vzorovych datech. Natrénované neuronoveé sité pak mohou byt uzity k feSeni regresnich Ci
klasifikatnich Gloh, jejichz FeSeni jinymi metodami selhava

Z&kladni vyhodou programu SNN je moznost automatického hledani nejvhodn&si neuronové sité. Toto
hledani mlizetrvat az 3 dny (napotitali s procesorem 500 MHz), ale vyzkousi vechny pfijatelné neuronove
sité aurdi jegjich presnosti na zadanych datech. V tomto programu také miizeme sledovat proces trénovani
neuronové sité na grafu, ktery ukazuje snizovani chyby natrénovacich a ové&fovacich datech. Zatnou-li se
tyto k¥ivky oddalovat, je vhodné proces trénovani ukon€it. Uvedené moznosti v&ak napriklad v programu
Geomatica, ktery umoznuje pfi klasifikaci neuronovymi sitémi pracovat pfimo s obrazovymi daty, chybi.
Vyhody moznosti ovliviovani trénovaciho algoritmu Ize sledovat na obr. 4. Na tomto prikladu je vidét, ze
pri v€asném zastaveni trénovani bude neuronovasit schopna dobre rozpoznat i neznamadata.
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Obréazek 4: Vliv pottu epoch na (sp&nost trénovani. ((T/V/Te)Perf=presnost klasifikace pro tréno-
vaci/ovérovaci/testovaci data, BP250=trénovani back-propagation se 250 epochami).

5. Hodnoceni vydedkUl klasifikace

Vyhodnoceni UspéSnosti klasifikace je kontrolou presnosti celého klasifika€niho procesu. Presnost klasi-
fikace maurcit nakolik odpovidavytvorenatématicka mapa skutetnosti, k emuz se pouzivaji tzv. testovaci
Uzemi, u nichz zname spravné zafazeni, al e kteranejsou shodnastrénovacimi daty. V nasledujicich tabulkach
agrafu (obr. 5 - 7) je mozné vidét, jak se presnosti jednotlivych klasifikaci od sebeliSily.

Pri klasifikaci do 11 tfid se jednotlivé klasifik&tory skutetné prilis nelisily. Nejlepsi tfivrstva neuronovasit
v programu SNN klasifikovala teméf neuvéfitelné na 99,19 % spravné. Stejna sit' v programu Geomatica
vk klasifikovala o 1 % hiife a klasifikatory nejvétsi pravdépodobnosti jen s nepatrné horSimi vysedky.
Presnosti klasifikaci do 7 tfid se iz li&i vice. Klasifikace v programu SNN byly pfiblizné o 10 % lepsi nez
vSechny ostatni.

Porovnani vysledkl klasifikaci |ze shrnout do nasledujicich bodi:

¢ Neuronové sité klasifikuji presngi nez maximum likelihood, coz byl predpokladany vysledek, ale
bylo nutné ho dokéazat.

o Navrzeny postup klasifikace v programu Statistica Neural Networks dava lepsi vysdedky nez stejné
klasifikace v programu Geomatica. Tato skuteCnost mlize byt zplisobena nevhodnym trénovacim
algoritmem nebo chybgici moznosti hledani nejvhodn&3i neuronovésité v programu Geomatica.

o DalSim vpodstaté ocekavanym zjisténim bylo to, Ze ngjlepSimi neuronovymi sitémi ke klasifikaci dat
DPZ jsou vicevrstvé perceptronové sitg, i kdyz sité typu RBF nebo pravdépodobnostni sité davaji
prijatené vysledky. Linearni neuronoveé sité jsou k tomuto (€elu nevhodné.

o Vydedky klasifikace jsou pak samozigimeé vzdy lepsi pfi |€pe vybraném trénovacim souboru, ale
tento rozdil je znatelny pfedevdim u statistického klasifikatoru. Neuronové sité totiz nejsou zavisé na
statistickém rozlozeni dat.
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Piesnost klasifikace:

mtestovaci data @irénovaci data 80% 82% 84% B86% 88% 90% 92% 94% 96% 98% 100%

Mejlepsi neuron. sif v SNN do 11 kategorii D

Geomatica:MLP 6-27-11 do 11 kategorii MWW%

MAXIMUM LIKELIHOOD v pr. Geomatica do 11 kategorii Mmg‘m
MAXIMUM LIKELIHOCD v Idrisi do 11 kategorii =

Nejlepsi neuron. sit v SNN do 7 kategorii Mﬂ

MAXIMUM LIKELIHOOD v programu Geomatica do 7 kategorii M
MAXIMUM LIKELIHOOD v Idrisi da 7 kategorii % ‘
B

Geomatica: MLP 6-1%-19-7 do 7 kalegalu

Obrazek 5: Srovnani vysledki klasifikaci.

6. Vystupy z klasifikace

Definitivni vystupy v podobé digita nich rastrovych map land use/land cover jsou vytvoreny z nej-

lepSich klasifikaci neuronovymi sitémi po vyhlazeni obrazu a pfipojeni nasoufadnice S-42, prikladje uveden
na obr. 8. Tyto vystupy mohou douzit pro urceni vyuZiti konkrétniho zemi podle soufadnic, nebo mohou
byt vstupem do geografickych informagnich systémll (GIS) v rastrové, pfipadnéi vektorové podobg (po
vytvoreni vrstev pro jednotlivé kategorie).

7. Zavér

Navrzeny postup klasifikace snimki v programu StatisticaNeural Networks podavalepsi vysledky nez bézné
pouZivané klasifikace a tudiZz miize byt doporucen dal&im uZivatelim. Tim se roz&ifuji moznosti vyuZiti
tohoto modernihoklasifikatoru, protozev dosavadnich studiich si autofi vétSinou vytvareli vlastni programy,
které jsou nedostupné. AZ v poslednich letech se zaCaly objevovat nové moduly s timto klasifikatorem v
programech specializovanych na zpracovani dat DPZ, ty jsou vak obvykle velmi drahé.

Kromé moznosti dal&iho vyuziti vysledki klasifikace pfinédsi napsana prace také mnoho namétt na dalsi
rozSifovani zpracovaného tématu. Zajimavé by bylo napriklad vyzkouSet klasifikace neuronovymi sitémi
s plynulymi pfechody mezi tfidami, zahrnout do klasifikace daldi vstupni data (napfiklad vy3ky) nebo
zohlednit informace o okoli pixelu. Déle by také bylo mozné zabyvat se pficinami nespolehlivosti klasifikaci
neuronovymi sitémi v programu Geomatica. Budouci prace bude tedy zaméfena pfedevsim na zahrnuti okoli
pixelu a dalSich vstupnich dat do podrobnéjSich klasifikaci.
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KLASIFIKACE NEURONOVY

MI SITEMI V SNN - TYP SITE:

PRESNOST KLASIFIKACE

Trivrstvé neuronoveé sité typu Multilayer Perceptron (MLP) trénovaci data |testovaci data | Poi
37 |MLP 6-117 Trénovani BPSO,CG201 99,2667 % 96.1050%| 14
J5|MLP 6337 Trénowani BPSO0,CG186 99.3268% 95.9659%| 17
329|MLP 6437 Trénovani BPEO,CG224 99 4636% 95.3137%| 9
81|MLP 667 Trénovani BPES 98.4178% 95.3311%| 8
G2 |MLP 667 Trénovani BF3E3 97 9814% 95 5486%| 19
g7 |MLP 6-19-7 Trénovani BPEEE ,CGE21 99.1476% S96.2441%] 13
g95|MLP 6-19-7 Trénovani BP1559 99.2658% 96.3137%| 10
S92|MLP 6197 Trenovani BPIE0 CG4A7 99.2658% 96.3137%] 11

Ctyivrsvé neuronové sité typu Multilayer Perceptron (MLP)
17|MLP 616127 Trénovini BPSO,CG1ES 99.1671% 95.5745%| 3
19|MLP 616187 Trenovani BP0, CGEE 99,1667 % S96.4702%| 4
33|MLP 637297 Trénovani BPSO,CG120 99.1871% 95.3659%| 7
34| MLP 6 A0 36 7 Tranowani BRSO, CG131 90.3419% 05 2063%|) 12

108|MLP 619197 Trénovani BP33 98.0218% 96.8527% 1
112|MLP 6-19-19-7 Trénowvini BPEE,CG13 99.0489% 95.3832%| &
115|MLP 619197 Trénovani BP33,0G74 99.1476% 96.5919%| 2
115|MLP 618187 Trenovani BFYE 93.2957 % 96.3832%| B
124|MLP 618217 Trénowvani BF35 97 5672% 95.4964%| 20
126|MLP 620207 Trénovani BPS7 93.3952% 96.0703%| 16

Pravdépodohnostni model neuronové sité (PNN)
24|PNN G-2357 -7 Frahova hodnota H12 95 261 70% 04.92521 % 20
25|PHHN 62557 7 Frahovd hodnota 4342928 99.2618% 85.0287%| 27
27|PHHN 62557 7 Frahovd hodnota 306.2999 99.2422% 85.1678%]) 26

Neuronove sité typu Radial Basis Function (RBF)
20|RBF 6-3397 Trénovani KM KNP 93.8493% 95.8964%|) 13
21|RBF 6-3397 Trénovani Kk, KN P 93.7903% 96.0876%] 15

KLASIFIKACE NEURONOVYMI SITEMI v programu Geomatica

MLP 619197 Trénovani BP10 95.2483% 893.5576%| 29

MLP 6-19-19-7 Trenovani BP22 972461 % §3.3479%| 30

MLP 619197 Trenavani BF33 96.667 3% 8§3.1207%| 31

MLP 619197 Trénovani BFEE 97 .2860% 77.5293%|) 33

MLP 667 Trénovani BF7Z 97 .0465% 88.9324%|) 21

MLP 667 Trenavani BFZ34 97 1662 % g7.5418%| 22

MLP 667 Trénovani BF3E3 97 .2461% 86.7901%| 23

MLP 6-20-207 Trénovani BF37 95.9689% 7HEE10%] 32

KLASIFIKACE MAXIMUM LIKELIHOOD v Idrisi 96.1440% §5.2895%| 25

KLASIFIKACE MAXIMUM LIKELIHOOD v programu Geomatica 95,1884 % 86.0213%| 24

BR2S0=trénovint back-prapagation se 250 epachard,
C=trémavdni conjugats gradismnts,

Ehf=F-Aeans {Contar Assignment),

EN=F-Nearest Neighbaur (Deviation Assigrnert)
Pi=Preudao-lnvert (Lizear Least Sgquares Oniimization)
FPof = Pafadi podle pFesnosti na lestovacich datech

MELP=Aultilayer Perceptrorn,
REBEF=Radinl Basis Funcion,
FNA=Frobabifistic Neural Network

Obrazek 6: Prehled celkovych pfesnosti jednotlivych klasifikaci do 7 tfid.
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KLASIFIKACE NEURONOWYMI SITEMI ¥ SHN - TYP SiTE:

PRESNOST KLASIFIKACE

Trivrstvé neuronoveé sité typu Multilayer Perceptron {(MLP) trénaovaci dataltestovaci data| Paof
5. MLP 6:6-27-11:1 Trénowvani| BPA0,CG123 99.94779%( 99.19040% 1
10, WMLP B:B-24-11:1 Trénovani |BPS0,CE124 99.94779%| 99.08920% 2
6. MLP 6:6-28-11:1 Trénovani  |BPS0,CGE4 99.92169%) 98.81451% 3
12, MLP B:B-16-11:1 Trénovani |BPS0,CiG143 99.94779%|) 98.66994% 5
28. MLP 5:5-8-11:1 Trénovani |BP232 93.60846%|) 98.33743%| 12
Ctyivrstvé neuronové sité typu Multilayer Perceptron (MLP)

1. MLP B:5-44-44-11:1 |Trénovani |BPS0,CG5E 99 92169%| 9362657 % 5
22, MLP B:B-15-20-11:1 |Trénowani  |BPS0,CG170 99.92169%| 95.53953% g
9. MLP B:6-29-29-11:1 |Trénovani |BPS0 CG135 939.92169%|) 93.33743%| 11
25, MLP 6:6-29-28-11:1 |Trénovani  |BPS0,CGS0,CE0 99.09559%) 98.56074% Fi
24 MLP B:5-17-18-11:1 |Trénowani  |BPS0, Ci50 CGT1 99.86949%| 98.75669% 4
Pravdépodobnostni model neuronoveé site [PNN)

13. PMN B:6-1931-11:1 |[Prahova hodnota (512 99.94779%) 983.35188%| 10
15, PMMN B:B-1931-11:1 |Prahova hodnota 434 2928 99.94779%|) 98.35189% 9
Neuronové sité typu Radial Basis Function (RBF)

18, REF 6:6-28-11:1 Trénovani  |KM KNP 99.608465%) 97 71577%| 16
20. RBF B:6-30-11:1 Trénovani  |KM KN FI 99.60235%) 97 .505066%| 10
Linedrni architektura neuronové sité

27. Linear 6:6-11:7 Trénovani [P || 82.69381%| 83.24418%] 20
KLASIFIKACE NEURONOVYMI SITEMI v programu Geomatica

MLP B-8-11 Trénovani |BP239 93 65870%|) 9751994%| 19
MLP B-27-11 Trénovani |BP1E3 99.73746%| 9807107%| 13
MLP B-27-11 Trénovani |BEP481 99.76372%| 97.73749%] 14
KLASIFIKACE MAXIMUM LIKELIHOOD v ldrisi 99.50015%] 97.70132%| 17
KLASIFIKACE MAXIMUM LIKELIHOOD v programu Geomatical| 99.52744%| 97.72299%] 15

BR250=trénovdni back-propagation se 250 epochami,
C=trénowint confugate gradients,
Ehf=F-Means {Center Assignment)
EWN=F-Nearest Neighbaur (Deviation Assigrment),
Pi=Preuda-fnvert (Linsar Least Sguaras Oplimization)
Pof = Pofadi podle pfesnosti na testovacich datech

MELP=Multilaver Perceptron,

RBF=Fadial Basis Funchon,
PNW=Frobabifistic Neural Nebwork

Obrazek 7: Prehled celkovych presnostijednotlivych klasifikaci do 11 tfid.
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Obrazek 8: Vystup z nejlepsi klasifikace do 11 kategorii.
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hola plda
remedélskeé plochy 1
zermnéadalske plochy 2
zemedelske plochy 3
remedelske plochy 4
zemedealske plochy &
remédélskeé plochy B
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Aplikace analyzy biosignall srdce
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Uméainteligence a biokybernetika

Abstrakt

Clanek je zaméfen na vybrané metody zpracovani biosignall a jejich aplikaci na signaly srdce, a
to predeviim v oblasti elektrokardiogramll (EKG). Analyza biosignalll je ilustrovana na diagnostickych
metodach kardiografie. Doplnény jsou ukazky vyuziti zaznamu a zpracovani EKG z |€karské praxe.

1. Uvod

Zpracovani biosignalll predstavuje propojeni technického pristupu zpracovani signal@i a diagnostickych
potfeb vyplyvajicich z 1&karské praxe. Nasledujici metodologie je vybrana z hlediska dvou pozadovanych
ciltr:

e nejlépe zobrazit pozadovany signél,

e nalézt azobrazit diagnosticky vyznamné parametry signal {i.
Konkrétni pouziti je zam&eno na biosignaly srdce, predevsim na el ektrokardiogram (EKG). Problematika
EKG (zce souvisi se zaméfenim dvou |ékarskych pracovist, pro néz je tato analyza biosignal &I primarné
urCenayv ramci podpory €i spoluprace:

o kardiologickaambulance EuroMISE centra- Kardio,

e |l.interni klinikakardiologieaangiol ogieV3eobecnéfakultni nemocnicev Prazea 1. |&karskéfakulty
Univerzity Karlovy
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2. Analyza biosignalti

Pred vlastni analyzou je vétSinou potfebas biosignalem provést Fadu Ukontl a operaci, které miizeme shrnout
do predzpracovani [1, 2]. Tato faze se miize s analyzou prekryvat a zafazujeme sem napr. :

e segmentaci - odéleni informagnich tsek{l z dlouhodobého signalu,
e priimérovani - prispivak potlaeni Sumu v signalu,

filtraci - Casova, kmitoctova, korelaéni, ... ,

interpolaci - prokladani funkce mé&fenymi hodnotami signalu,

aproximaci - hledani aproximacni funkce pfi splnéni zadanych kritérii, ngjCastgi minimalizace
kvadratické odchylky.

V pripadé digitadlniho zéznamu do pfedzpracovani zahrnujeme takeé:

e vzorkovani,

e kvantovani.

VEétSina téchto operaci byvav praxi zabezpetena firemnim softwarem, ¢i hardwarem s pomérné omezenou
moznosti modifikace vstupnich parametrl. Zaznam signdlu je v 1epsim pFipadé uloZen v databazi anasledna

sofistikovang&i analyza mimo firemni systém je umoznénaexportem dat.

2.1. Analyzav tasové oblasti
Zakladem analyzy biosignal &l v Casové oblasti je znalost jejich vyznamnych grafoelementli [3]. U signdlli s
repetiénim ¢i periodickym charakterem byva ¢asto vyhodnocovan priimér signalu za nékolik period.

Ukéazka hodnoceni kfivky EK G, u které hraje dlilezitou roli amplituda, tvar a ¢asovapolohavin, jev tabulce
1.

Tabulka 1: Ukazka grafoelementt pro hodnoceni kfivky EKG
(charakter ST segmentu atvar viny T)

S -T SEGMENT
POLOHA TVAR

zakladni normélni-A—/\ pozitivnij\/\—
_A_/\ konkavni negativni
(vydutY)_k/\

zvysena
konvexni zvétsena
(vypukly) _A_/\_
plochy nizka

snizena ‘A,_/\_ _A__/\

-4__/\ Sikmy _A/-\_ hluboka _IR/

VLNAT

J

PhD Conference’03 155 ICS Prague



2.2. Analyza v kmitoCtové oblasti

Pro kvalitngsi vyhodnoceni biosignalli a pfipadnou detekci a odstranéni 3umu se pouZziva fada transfor-
maci [4], z&kladni transformace pro posouzeni signalu v kmitoctové oblasti je Fourierova nebo kosinova
transformace (se zaroven nejlepsi fyzikalni interpretaci).

+oo
P(w) = / F(t)e=it @

—0o0

Vzhledem k digitalizované podob& biosignall prechazime od spojité Fourierovy transformace (1)
k Fourierové transformaci diskrétni (2).

Zf Je ik k=0,1,2,.,N—1 2

V praxi se ngjCastgji pouziva rychla Fourierova transformace (3) a (4), ktera napfiklad umoznuje filtraci
biosignalli v redlnem Case.
Wy =e I%, 3)

= Z_ f)WE k=0,1,2,..,N -1 (4)

Rychla Fourierova transformace vychéazi z predpokladu délky transformace: N = 2™, vyuZiva vlastnosti
otaceciho Cinitele Wy, redukuje pocet operaci pro N bodl na %logzN =an

2.3. Kombinovanéa analyza v kmitoCtovéi €asové oblasti

Pri zpracovani biosignalll narazime na potfebu podrobnéji sedovat frekvenéni charakteristiku v Case: pfi
filtraci Sumu v pripadé, kdy se spektrasignalu a Sumu prekryvaji, nebo pfi sledovani frekvencni charakter-
istiky jen vybrané ¢asti signalu [4, 3].

Casoveé-frekvenéni analyza vychazi ze dvou hlavnich skupin transformaci:

e linearni a

e kvadratické.

Ukazme s dvé nejrozSifeng s linearni transformace.

Kratkodoba Fourierova transformace je Fourierova transformace aplikovana na kréatky Usek signdu. V
rovnici (5) je uvedenapro spojity signal.
“+oo

STFT(r,w) = / Ft)g(t — T)e=i*td, 5)

kde f(t) je zpracovavany signd a g(t) Casove okénko urcujici interval pro analyzu. Diskrétni kratkodoba
Fourierova transformace je uvedenav rovnici (6).

Z fk)g(m — k)e Jok qg, (6)

k=—o00

kde g(m) jsou €asové vzorky vybraného okénka
Velkou kmito€tovou rozlisovaci schopnost méa Vinkova transformace (Wavwlet transform) (7).

CWT,( \/_/f [t_T] dt, ™

kde g(t) je bazovavlnkas Uzkym kmito€tovym pasmem, g* je komplexné sdruzenafunkce s funkci g(t) a
a jerozlisovaci konstanta.
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3. Zpracovani EKG

Elektrokardiografie podrobné mapuje signdly EKG, jgjich podrobnou genezi, fyziol ogickou souvislost ama
fadu metod pro jejich vyhodnoceni [5]. Zakladni charakteristika typického (idealizovaného) signdlu EKG

jenaaobr. 1.

0,08s
vina P | |Qrs] ST
usek Pl [ST|
0,12-0,2s cca 0,35s
intervall PQ | QT

R cas

e

T

[mV]

'Q

|
sI

|<—>

Obrazek 1: Analyza EKG v Casové oblasti

Ve vybraném segmentu EKG se jeho elementy rozd&uji na:

e elementy ndlezejici izolinii a

e elementy vin, komplext a dalSich grafoelementdl.

Vypoditavaji se kfivosti obloukd, trvani vin a komplext, velikost amplitud apod. Na zakladé vhodné
zvolenych pFiznak{l se nasledné provede tf'idéni do urcitych diagnostickych tiid.

Do oblasti Casové-frekventni analyzy EKG spada napr.: studium pozdnich komorovych potencial Ui nasle-

dujicich za komplexem QRS, které maji malou amplitudu ajgjich slozky kratké trvani.

4, Vyuziti zaznamu a analyzy EK G v |ékar ské praxi

Metodika analyzy biosignall je uréena pro zpracovani EKG vyplyvajici z potfeb podporovanych a
spolupracujicich |&karskych pracovist v oblastech:

e analyzy zatézového a klidového EK G (ordinace preventivni kardiologie)

e podpory diagnostickych metod analyzy a vizualizace multikanalového EKG - izopotencialové mapy
(1. interni klinika kardiologie a angiologie)

e zpracovani Holterva monitorovani EKG a zaznam@l EKG z implantabilnich kardiostimulatord (11.
interni klinika kardiologie a angiologie)
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V jednotlivych oblastech je déle pfiblizen souCasny stav vyuziti EKG a navazné navrZzena dal$i mozna
aplikace analyzy biosignalti nebo smér podpory zpracovani EKG s praktickym efektem v |&kafské praxi.

4.1. EKG v oblasti preventivni kardiologie

Na pracovidti kardiologicka ambulance EuroMISE centra - Kardio je snimano a pocitatové ukladano
standardni 12-ti svodové EKG - klidové nebo z&tézové v kombinaci s ergometrem, u kterého Ize volit
programy zatéze. Komeréné dodavany software nabizi zakladni vyhodnoceni priimérd, priibéhti srdecni
frekvence a navrzeni jednoducheé klasifikace typll kfivek EKG. Systém podporuje databazové ukladani
zaznam, export dat neni jednoduSe podporovan.

U jednotlivych zaznamt neni dofeSena filtrace rusivych vlivd okoli, ¢ svalovych potencidlll - izolinie je
namodulovanana nizkofrekvenénim signalu. V pripadé moznosti exportu celého navzorkovaného EKG Ize
rudive vlivy odstranit pomoci filtrdi ve frekvenéni nebo Casoveé-frekventni oblasti.

Hlavni vyuZziti dal&iho zpracovani EKG je v oblasti hromadného vyhodnoceni celé databaze zaznamd.

4.2. Multikanalové EK G aizopotencialové mapy

Na Il. interni klinice kardiologie a angiologie VSeobecné fakultni nemocnice v Praze jsou diagnosticky
vyuzivany izopotencia ové mapy [6]. Mapovani srdecnich potencial & vychazi z multikanaového snimani
EKG (pfiklad rozmisténi elektrod 120-ti svodového EKG je naaobr. 2)

@®

000000000 Y

LRO RN ORNOIOIOTOIOJOLON

LI OB OR R OTOTOJOTOTOTOR L

® @-k@ﬁg@@@ ®
® @.@@@,@@Zo‘@’§§
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Obrazek 2: Rozlozeni elektrod pro mé&Feni 120-ti kanalového EKG

Na zakladé takto senimanych signéal i EK G | ze vytvorit izopotencialy, spojnice se stejnou Urovni elektropo-
tencidlu. Z téchto izopotencial pak vytvaret mapy (ukazkaizopotenciaovych map je naobr. 3).

V této oblasti je podpora sméfovana do unifikace dat snimanych multikandovym EKG s rliznym pottem
svodtl. Vysledkem by mé& byt vstup do systému zobrazujiciho izopotencial ove mapy, ktery je nezavidy na
poctu svodtl. 1zopotencialové mapy lze ziskat jiz z 12-ti svodového EKG, vysledeky zobrazeni z mensiho
pocetu svodtl jsou vSak znatné nepfesné. V této oblasti 1ze pouZit metody aproximace ainterpolace.

4.3. Zaznam a analyza EKG u implantabilnich kardiostimulator Ui

Nall. interni klinice kardiologie a angiol ogie se zaroven vyuziva dlouhodobé Holtrovo monitorovani EKG
ataké monitorovani EKG v implantabilnich kardiostimul&torech [7, 8].

U ambulantniho (Holtrova) monitorovani EKG se aktivita srdce zaznamenava 24 hodin a posléze nahrava
Z prenosného pristroje a potitatove zpracovava. Neni zaznamenavan cely signal, ale jen jeho vyznamné

PhD Conference’03 158 ICS Prague



---------- L A L Ry L - -
------ L N A - -
..... L I - -
----- L - -
- .- - 4 44 4 - - -
* 4.0 0 e 4 4 0 +
L R I L2 I IR -
449 + e s s - a
4 - e\~ L - -
L ¢ 44 = e Tl - - -

Obrazek 3: Ukéazkaizopotencia ovych map

parametry, signal se viak miize nahrat pokud pristroj detekuje anomalii nebo po manuanim upozornéni.
Vyhodnocovany jsou predeviim riizné amplitudové histogramy v jednotlivych dennich Gsecich afrekventni
charakteristika celého priibéh srdetni frekvence.

Vyuzivané kardiostimulatory maji dvé bipolarni elektrody, které slouzi zéroven k stimulaci komory a

siné a zaroven k intrakardianimu snimani EKG. Schematické znazornéni pouzivaného dvoudutinového
kardiostimul&toru je na obr. 4.

/\/

KARDIOSTIMULATOR

(1%

SINOVA _ ~
ELEKTRODA

KOMOROVA _ -~ ~
ELEKTRODA

Obrazek 4: Dvoudutinovy kardiostimul aor

Tyto pristroje podporuji oboustranny telemetricky prenos, ktery umoziuje nastavit a korigovat funkce
kardiostimul atoru a zpracovavat zaznamy EK G. | zde se zaznamenavaji pouze parametry signal tl. Okam?zité
méfené hodnoty EK G z elektrod se vSak nevyuZiji pouzev zaznamech, ale predevsim jako kontrolni aFidici
vstup systému ovladajiciho stimulacni pulsy.

U softwaru dodavaného k Holtrovskému monitorovani EKG i ve vyhodnocovaci ¢asti programu uréenému

pro implantabilni kardiostimulatory neni podporovana analyza v ¢asové-frekvencni oblasti. Tato analyza
aplikovanana &asti EKG i na priibéh srdecni frekvence by méla zlepsit diagnostické vlastnosti zaznamd.

5. Zavér

Z fady moznosti analyzy biosignal @i zde byly pribliZzeny metody frekventni a pfedevsim Casoveé-frekventni
analyzy. Druha metoda je vhodna pro riizna vyhodnoceni biosignal @i srdce a zarovei neni prilis rozsifena
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v |ékarské praxi. Moznosti pouziti a aplikace byly ilustrovany na pripadech spolupracujicich |ékafskych
pracovi¥t.
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