Department of Computer Science
Faculty of Science
Pavol Jozef Safirik University

Gabriela Andrejkova
Rastislav Lencses (Eds)

ITAT 2002
Information Technologies
- Applications and Theory

Workshop on Theory and Practice
of Information Technologies, Proceedings
Malin6 Brdo, Slovakia, September 2002

Proceedings



CONTENT
Invited Lectures:

T. Holan, M. Pldtek: DR-parsing a DR-analyza ..............c000vues 1
J. Hric: Design Patterns applied to Functional Programming .... 11

M. Prochdzka, M. Plditek: Redukéni automaty, monotonie
ATedUKOVANOSE .« iviitiitniiiteiinreenneeeeneeeansoeansoeansonanss 23

J. Kohoutkovd: Hypertext Presentation of Relational Data
I D L 0 = P 33

Contributed Papers:

J. Antolik, I. Mrazovd : Organizing Image Documents with

Self-Organizing Feature Maps ........ccciiiiiiiiiiiiiiiinnenenns 45
D. Bedndrek, D. Obdrzdlek, J. Yaghob and F. Zavoral: DDDS

- The Replicated Database System ..............coiiiiiiiiiin... 59
M. Beran, I. Mrdzovd : Elastic Self-Organizing Feature Maps ....... 67
J. Dvorsky, V. Sndsel : Random access compression methods ....... s
J. Dvorsky, V. Sndsel, V. Vondrdk : Random access storage system

for sparse matrices .........ciiiiiiiiiii i i i i i i i 89
Z. Fabidan: Information contained in an observed value ............ 95
M. Hudec: Vektorovy priestor pohybu oséb ...................... 103
L. Hvizdos: Neural Networks in Speech Recognition .............. 111
S. Krajéi: Vektorova min/max metrika ............... ..o, 119

R. Krivos-Bellus: Formalna analyza bezpecnosti protokolu IKE ... 125

M. Levicky: Neural Networks in Documents Classification ........ 135
I. Mrdzovd, J. Teskovd : Hierarchical Associative Memories
for Storing Spatial Patterns ...........cciiiiiiiiiiiiiiiiiiiin, 143
T. Skopal, M. Krdtky, V. Sndsel : Properties Of Space Filling
Curves And Usage With UB-trees ..........coiiiiiiiiiiiininn, 155
A. Svoboda: Pouziti myslenky neuronovch siti pri kresleni
planarnich grafi .......cci ittt ittt iiiiitiraennnnns 167

Z. Stanicek, F. Prochdzka: Technologie eTrium: Znalosti, agenti
ainformacni systémy .........coiiiiiiiiiiiiiiii ittt 177



PREFACE

The 2nd Workshop ITAT 2002, was held in Malindé Brdo, Slovakia, September
12 - 15, 2002. This volume contains all contributed papers as well as 4 invited
papers presented at the workshop.

The program committee of ITAT 2002 consisted of: Peter Vojtds (chair),
Gabriela Andrejkova, Rastislav Lencses and Stanislav Krajci.

It is customary in speaking of a scientific conference to designated by an
acronym of its full name. It is a measure of the standing of such an event how
well the general public understands the meaning of the acronym. Acronyms like
SOFSEM, MFCS, ICALP are very well known in the IT community. ITAT is not
so lucky - it is an acronym of the one year old workshop and it is because of this
that we start by providing some basic information. In addition to expanding the
acronym to the full name Information Technologies - Applications and Theory
it seems appropriate to provide more details. This is best done - especialy when
strating a new tradition - by repeating answers of the five classic questions:
WHY, WHO, HOW, WHERE and WHAT?

WHY did we organize ITAT 2001 and ITAT 20027 More precisely - what
did we expect the workshop to look like? To be quite brief, we wanted to create
an opportunity for researchers from the Slovakia, Czech Republic and Poland to
meet in a nice place where they would be free from ordinary distractions and
could discuss their work on - hopefully - the leading edge of computer science.
This should promote closer contacts and cooperation in future.

WHO was invited to participate in the workshop ITAT 20027 Instead of
precise formal selection criteria the organizers invited people with whom and
whose work they were already acquainted. One might say that participants of
this initial workshop were selected with a view to forming the program committee
for future years.

HOW was the whole event organized? The program itself consisted of lec-
tures and short contributions where the length was suited to the subject. The
presentations took up mornings and evenings while the middle part of each day
was devoted to getting acquainted with the beautiful surrounding mountains.
The selection of papers for the present proceedings volume was made by the
programming committee. One drawback of this mechanism was that it left no
room for language editing; the language is therefore fully the responsibility of the
authors. Thanks to the following referees: G. Andrejkovéd, S. Krajéi, R. Lencses,
J. Vinaf and P. Vojtas.

WHERE did the workshop take place? The venue of the workshop was the
Majekova Cottage, Malin6 Brdo in the foothills of the Mald Fatra mountain
range. The place was selected with a view to opportunities for rest and recreation
and also because the weather there is usually nice in September. We hope that
the participants will agree that it was a suitable choice for this as well as the
coming workshops.



WHAT were the subjects dealt with at the workshop ITAT 20027 It is not
suprising - considering the extreme variety of subjects addressed by theoretical
computer science - that the subjects of presented papers fall into quite a lot of
subject categories.

In formal languages and automata there were two invited papers: M. Platek
and M. Prochazka discussed the relaxations and restrictions of word order in
dependency grammars and T. Holdan and M. Platek devoted his paper to DR-
parsing and DR-analysis.

One invited paper given by J. Hric was devoted to the design patterns ap-
plied to functional programming and the invited paper given by J. Kohoutkova
described the use of hypertext presentation of relational database structures.

Six contributed papers were devoted to what is now generally known as neural
networs and their applications. In contrast, nine papers dealt with subjects from
the more general surroundings of information technology: information systems,
database systems, compression methods, mobile agents a so on.

On the whole we feel that this "number one” workshop was a success and
hope that it will lead to a whole series of annual ITAT workshops in the coming
years.

Kosice, 2002

G. Andrejkova, R. Lencses



DR-parsing a DR-analyza

Tomas Holan a Martin Platek
Matematicko-fyzikalni fakulta
Karlova Univerzita Praha, Ceskd Republika
e-mail: holan@ksvi.ms.mff.cuni.cz
e-mail: platek@ksi.ms.mff.cuni.cz

Abstrakt

Prispévek se zabyva syntaktickou analyzou podle zavislostnich gramatik s roz-
volnénym slovosledem. Je pfedlozen postup, ktery nejprve pocita tzv. DR-parsing,
tj. mnozinu polozek, kterd odpovida dané vété a dané gramatice. Na zakladé DR-
parsingu jsou postupné pocitany jednotlivé syntaktické stromy, tzv. DR-stromy,
které obsahuji informace o historii vypousténi a pfepisovani. Jsou diskutovany vy-
znam a vypocetni sloZitost predlozeného postupu.

1 Uvod a zakladni pojmy

Tento prispévek t&zi z disertaéni prace T.Holana [4] a navazuje na prace [3] a [5]. Vychézi
z pojmu DR-strom. Sam nazev DR-stromu vychazi ze slov delete — vypustit a rewrite —
prepsat a odrazi predstavu prace automatu se dvéma hlavami nad danou vétou.

Predstavujeme si, Ze véta je ulozena na péasce (i spiSe linedrnim seznamu) a automat
ma dvé hlavy, které se mohou po této pasce pohybovat. Prvni hlava je vypoustéci — ta
dokaze 7z pasky/véty aplné vypustit policko/slovo, na kterém pravé stoji. Druha hlava
je prepisovaci — tato hlava muZe zménit obsah navstiveného policka. Automat pracuje
v krocich a v kazdém kroku rozmisti hlavy na pasce tak, aby staly na slovech, mezi nimiz
ma byt vyznacena zavislost — vypoustéci hlava na zavislém slové a prepisovaci hlava
na prislusném slové rfidicim. Krok prace automatu se provede tim, ze automat vypusti
slovo pod vypoustéci hlavou a pripadné prepise slovo pod prepisovaci hlavou.

V DR-stromu piepsani zndzorfiuje svisla hrana (pfepsané slovo zustava na svém
misté) a vypusténi odpovida §ikmé hrana, shodné s hranou v odpovidajicim zavislostnim
strome.

Pripustime i druhou variantu kroku spocivajici pouze v prepsani symbolu pod pre-
pisovaci hranou, aniz by néjaky symbol byl vypustén. Takovym piipadum odpovidaji
v DR-stromu uzly s jedinou dcerou. Tato dcera je k uzlu ptipojena svislou, pfepisovaci
hranou.
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Obrazek 1: DR-strom strom T7; nad vétou ,Maly chlapec ptinesl zpravu®

Definice 1.1 (DR-strom) Necht w = a; ... a, je véta a A, K jsou konetné mnoziny
symbolt (slov), kde ai,... a, € A. Rekneme, ze strom T je DR-strom nad vétou w
(s termindly z A a kategoriemi z K ), jestlize libovolny uzel stromu T je ¢tvefice tvaru
u = [Au,u, Ju, du] s nasledujicimi vlastnostmi:

Ay € (AUK); Ay nazyvame symbol uzlu.

iy € {1...n}; i, nazyvame horizontdlni index uzlu, udava vztah uzlu k pozici ve

XY

vete.

pro kazdé i € {l...n} existuje pravé jeden list u = [Au,%u, ju,ds] stromu T
takovy, ze i, = ¢ a Ay = a;;
Ju je prirozené cislo nebo 0; j, = 0 pravé kdyz d, = 0. V tom pripadé je uzel

[Ay,iu,0,0] kofenem stromu 7. Cislo j, nazyvame vertikdlni index uzlu, udéava
vzdalenost uzlu od kofene stromu mérenou v poc¢tu hran.

d, € {0...n}
d, nazyvame dominacni index uzlu u, udava horizontdlni index bezprostiedné

nadfizeného uzlu nebo v pfipadé d,, = 0 jeho (nadfizeného uzlu) absenci.

Je-li u = [Ay, iy, Ju,dy] & dy, # 0, potom existuje pravé jeden uzel v tvaru v =
[Ay,dy, ju — 1,dy]; dvojice (u,v) tvori hranu stromu 7', orientovanou od listu ke
korenu.

Je-li d,, = iy, hovotime o hrané svislé (pFepisovaci).

Je-li d,, # 4, hovofime o hrané §ikmé (vypoustéci). V tomto pripadé existuje také
(pro néjaky symbol A,) uzel = tvaru « = [A;, dy, ju, dy] stromu T (vede-li do uzlu
v §ikmé hrana, vede do néj pravé jedna svisld hrana).



Je-li d, > i,, hovorime o R-hrané, je-li d,, < iy, hovofime o L-hrané.

o je-li u = [Ay,iu,ju,dy] uzel, potom existuje nejvyse jeden uzel v tvaru v =
[Ay, iy, Ju + 1,1y], takovy, Ze i, # i, (do kazdého uzlu vede nejvyse jedna Sikma
hrana).

e jsou-li u =[Ay,1,ju,dy] & v=_[Ay,1,Jy,dy] uzly stromu T (se stejnym horizontél-
nim indexem), potom plati

—Ju=Jv > uU=0
hodnota horizontalniho indexu spolu s hodnotou vertikalniho indexu jedno-
znacné urcuji uzel stromu T'.

- du7éi:>jv Z]u, dv7éi:>jv S]u
pro kazdé i existuje nejvySe jeden uzel s horizontalnim indexem i, z néhoz
vede S§ikm4 hrana. Je to uzel, ktery mé ze v8ech uzlu s horizontdlnim indexem
i nejmensi hodnotu vertikalniho indexu (nejmensi vzdalenost od kofene).

— ju > Ju = existuje uzel v’ = [Ay,14, 5y — 1,1].

Definice 1.2 (Pokryti uzlu DR-stromu) Necht T je DR-strom a necht u je uzel
stromu 7. Cov(u,T) oznac¢ime mnozinu horizontalnich indexu vsech uzli stromu T, ze
kterych vede cesta do u. Uvazujeme i prazdnou cestu a tedy Cov(u,T) vidy obsahuje
také horizontalni index uzlu u. Rekneme, ze Cov(u,T) je pokryti uzlu u (podle stromu
T).

Definice 1.3 (Dira (v pokryti) DR-stromu) Necht 7' je DR-strom nad vétou w =
aj . ..ap, necht u je uzel stromu T a necht Cov(u,T) = {i1,i2,...,im}, kde i1 < iy <
voo <im—1 < in. Rekneme, ze dvojice (i;,i;4+1) tvoii diru v Cov(u,T), jestlize 1 < j <
m, a zarovei 4,41 —i; > 1.

Budeme tikat, ze T je DR-projektivni, pokud zadny z jeho uzli nemd v pokryti diru.
V opa¢ném piipadé fikame, ze T' neni DR-projektivni.

2 D-gramatiky a syntakticka analyza

Definice 2.1 (D-gramatika) D-gramatika (Dependency grammar) je Ctvefice G =
(A,N, S, P), kde A je konetnd mnozina terminédla, N je koneénd mnoZina netermindlu,
S C (AUN) je mnozina po¢atec¢nich symbolu a P je mnozina p¥episovacich pravidel
dvou typu:
A —x BC,kde A,B,C € (AUN), X je uvedeno jako index pravidla, X € {L,R}.
A— B,kde A,Be (AUN).
Pismena L resp. R v indexu pravidla znamenaji, ze prvni resp. druhy symbol pravé
strany pravidla je 7idici; druhy resp. prvni symbol pravé strany pravidla je potom zquvisly.
Maé-li pravidlo na pravé strané pouze jeden symbol, povazujeme tento symbol za ridici.



Pravidlo mé néasledujici vyznam (pro redukci): zavisly symbol bude vymazan (obsahuje-
li pravé strana pravidla n&jaky zavisly symbol) a ¥idici symbol bude prepsan (nahrazen)
symbolem 7z levé strany pravidla. Vezméme pravidla tvaru

(la): A—)L BC, (].b) A—)R BC.

Redukci Fetézu w podle pravidla (1a) lze uplatnit, kdyZ pro libovolny souvyskyt sym-
bolu B, C ve w, symbol B pfedchédzi (ne nutné bezprostiednd) symbol C. Redukce podle
(1la) znamend, ze symbol B je pfepsin symbolem A a symbol C je z fetézu vypustén.

Za stejnych predpokladu lze redukovat w podle pravidla (1b). Redukce podle (1b)
znamena prepsat symbol C na A a symbol B z w vypustit.

Definice 2.2 (Gramatika rozpoznava vétu) D-gramatika G = (A, N, S, P) rozpo-
zndvd vétu w € AT, lze-li vétu w opakovanou redukei pravidly gramatiky G piepsat
na vétu sestavajici z jediného symbolu patiiciho do mnoziny S pocatecnich symboli
gramatiky G.
Definice 2.3 (Gramatika rozpoznava jazyk) Rekneme, Ze D-gramatika G rozpo-
znava jazyk L, obsahuje-li L pravé v8echny véty rozpoznivané gramatikou G. Jazyk
rozpoznavany gramatikou G budeme znacit L(G).
Definice 2.4 (DR-strom podle D-gramatiky) Necht w je véta a T je DR-strom
nad vétou w. Déale necht G je D-gramatika.
Rekneme, 7e T je DR-strom podle D-gramatiky G nad vétou w, jestlize pro kazdy
uzel u tvaru u = [A, 1, j,, dy] stromu T plati:
1. mé-li u jedinou dceru v = [B, j, ju, dy]
(z definice DR~stromu plyne, Ze potom musi platit d, =i = j, j, = ju + 1),
potom gramatika G obsahuje pravidlo A — B

2. mé-li u dvé deery v = [B, j, ju,dy] a w = [C, k, ju, dy] takové, 7e j < k
(z definice DR-stromu potom plyne j, = juw = ju + 1, dy = dy =i a bud i = j,
nebo i = k),
potom gramatika G obsahuje pravidlo A —, BC, kde x = L, pokud i = j, a
= R, pokud i = k.
3. je-li u koren stromu T’
(z definice DR~stromu potom plyne j, = 0, d,, = 0),
potom symbol A je prvkem mnoziny pocatec¢nich symbola gramatiky G.
Poznamka 2.5 D-gramatika G rozpozndvad vétu w prave tehdy, kdyZ existuje DR-strom
podle D-gramatiky G nad véetouw w. Této ekvivalence budeme ddle vyuZivat.
Definice 2.6 (DR-analyza) Necht G = (A, N, S, P) je D-gramatika. Rekneme, 7e
DR(G) je DR-analyzou podle G, jestlize plati DR(G) = {T| ex. w € A*,T je DR —
strom nad w podle G}.

Pro kazdé w € AT vezmeme DR(w,G) = {T| T je DR — strom nad w podle G}.
Budeme fikat, ze DR(w, &) je DR-analyzou w podle G.



2.1 Parsing, slozitost

V této partii se budeme vénovat vypoctu DR-analyzy podle dané D-gramatiky a podle
jistych topologickych omezeni. Zavedeme pojem parsing a budeme se zabyvat slozitosti
jeho vypoctu. Déle ukdzeme postup, jak pomoci parsingu postupné nachézet DR-stromy
patrici do hledané DR-analyzy. Omezime se pouze na D-gramatiky neobsahujici undrni
pravidla. Uvedené definice, tvrzeni a postupy by bylo mozno s ur¢itou modifikaci vyslovit
i pro gramatiky s unarnimi pravidly, k nasemu cili, kterym je vypocet analyz vét ptiro-
zeného jazyka, je vSak nepotiebujeme a takové definice by byly méné prehledné. V této
souvislosti budeme v nésledujicim textu hovotit o DR-stromech resp. DR-analyzéach bez
undrnich uzli a o D-gramatikach bez unarnich pravidel.

Oznadeni 2.7 Zépisem (i, j), kde i < j, budeme oznacovat mnozinu {i,i +1,...,5}.

Definice 2.8 (Polozka) Polokou nazveme (2k + 2)-tici P = [A, h,i1,...,i2], kde
1 <o < i3 <ig...lop_1 <lop a h € (il,i2> @] <i3,i4> U...u (iQk_l,i2k>.

A budeme nazyvat symbol polozky, h horizontdlni index polozky, mnoZinu (iy,is) U
(i3,94)U. ..U (iak—1,02r) pokryti polozky. Pokryti polozky P budeme zkracené zapisovat
jako Cov(P). O hodnoté 2k budeme hovofit jako o wvelikosti polozky.

Definice 2.9 (Polozka DR-stromu) Necht T je DR-strom bez unarnich uzla.
Rekneme, Ze polozka P = [Ap, hp,ii,...,is] je poloZkou DR-stromu T, pokud DR-
strom T" obsahuje uzel u = [A, h, v, d] takovy,7e Ap = A, hp = h a Cov(P) = Cov(u,T).

Tvrzeni 2.10 DR strom bez undrnich uzli je uréen mnozinou svijch poloZek.

Dukaz: Necht je ddna mnozina polozek néjakého DR-stromu 7T nad vétou w =
ai ...a,. UkdZzeme postup, jimz lze z takové mnoziny urcit vSechny uzly a hrany DR-
stromu 7.

Zacneme polozkou s nejvétsim pokrytim. Existuje jedind takova polozka a tato po-
lozka bude mit tvar P = [Ap,hp,1,n], kde symbol Ap musi patfit mezi pocatecni
symboly gramatiky a ¢islo n odpovida délce véty w (toto ¢islo bychom v piipadé po-
tfeby mohli urcit z celkového poc¢tu polozek 2n — 1 pomoci znamého vztahu mezi poctem
uzli a poctem listu bindrniho stromu).

Této polozce bude odpovidat uzel tvaru [Ap, hp,0,0] — kofen stromu 7.

Nyni popiseme odvozovaci krok:

Predpokladame, ze k polozce P jsme jiz urcili odpovidajici uzel stromu up.

Je-li |Cov(P)| > 1, potom najdeme dvé polozky Q = [Ag,hq,...]a R = [ARr, hrg,...]
ruzné od P takové, ze plati Cov(Q) U Cov(R) = Cov(P). V mnoziné polozek stromu T'
musi existovat pravé jedna takova dvojice polozek a navic pro ni musi platit

Cov(Q) N Cov(R) = 0.

Kazda z polozek @ a R bude odpovidat jednomu uzlu stromu,

uQ = [AQ, hQ, vQ, dQ] auUuRr = [AR, hR, VR, dR].



Symboly a horizontalni indexy téchto uzli budou pFevzaty z pfislusnych poloZek.
Dominacni indexy obou uzli ug a ug budou rovny hp, vertikdlni indexy budou o 1
vétsi nez vertikalni index uzlu up, tedy vp + 1.

Musti platit hg = hp nebo hg = hp. V prvnim pripadé povede z ug do up vertikalni
hrana a z ug do up Sikméa hrana, v druhém pripadé naopak.

Na obé polozky (@ a R) a oba uzly (ug a ug) opét aplikujeme pravé popsany
odvozovaci krok.

Popsany odvozovaci krok pro kazdou polozku a ji odpovidajici uzel DR-stromu 7" urci
cely podstrom tohoto uzlu. Provedeme-li tento postup pro polozku odpovidajici kofeni
stromu, ziskame cely strom 7. Q.E.D.

Poznamka 2.11 Opacné tvrzeni — Ze DR strom bez undrnich uzli uréuje svou mno-
Zinu poloZek — je trividlnim dusledkem definice poloZky DR-stromu. Vidime vzajemné
jednoznacny vztah mezi DR-stromem bez undrnich uzli a mnoZinou jeho poloZek.

Poznamka 2.12 Pokud by strom T obsahoval unarni uzly, existovalo by v mnoZiné po-
loZek stromu T vice poloZek se stejnym pokrytim i horizontdlnimi indexy, takZe uvedend
turzeni by nebyla platnd.

Definice 2.13 (Polozka podle gramatiky nad vétou) Necht G je D-gramatika bez
unarnich pravidel a necht w = a4 ...a, je véta.

Rekneme, 7e polozka P = [Ap,hp,ii,... i) je poloZkou podle gramatiky G nad
vétou w, je-li P polozkou néjakého DR-stromu podle gramatiky G nad vétou w.

Poznamka 2.14 DR-strom podle gramatiky bez undrnich pravidel je DR-stromem bez
undrnich uzli.

Definice 2.15 (Polozka analyzy nad v&tou) Necht DR(G) je DR-analyza podle za-
vislostni gramatiky bez unarnich pravidel G a necht w = a; ... a, je véta.

Rekneme, 7e polozka P = [Ap, hp,iy, ... i je poloZkou analjzy DR nad vétou w,
je-li polozkou néjakého DR-stromu T € DR(w,G).

Nyni zavedeme pojem parsing odpovidajici vysledné mnoziné syntaktické analyzy
zdola.

Definice 2.16 (DR-parsing) Necht G je D-gramatika bez undrnich pravidel a w =
aj ...a, je véta. DR-parsingem podle gramatiky G nad vétou w nazveme nejmensi mno-
zinu M polozek takovou, ze

d [aiaiaivi] eEM
— tj. pro kazdé slovo véty w obsahuje M polozku DR-stromu nad touto vétou
odpovidajici jeho listu



o jsouli P,Q € M, P = [B,ip,i1,...,iskp]s Q@ = [Crig,j1,- -, jokg] dvé polozky
takové, ze Cov(P)NCov(Q) = 0, plati-li ip < i¢ a gramatika G obsahuje pravidlo
A — BC resp. A —g BC,

potom M obsahuje i polozku R = [A,ig,li,...,laky,], kde Cov(R) = Cov(P) U
Cov(Q) air =ip resp. igr = ig.

Rikéme, 7e polozky P a Q tvoii rozklad polozky R v parsingu M.
Prvky M budeme nazyvat polozky parsingu M.
Na parsing muzeme uplatnit nasledujici omezeni (neprojektivity).

Definice 2.17 Necht G je D-gramatika bez unarnich pravidel, w = a; ... a, je véta a
M je parsing podle gramatiky G nad vétou w. Dale necht d > 0 je celé ¢islo. Mnozinu

P = {[Ap,ip,il,...,i2kp]|P - M: kp < d+ 1}
nazveme parsing s poctem dér neprevysugicim d.

Tvrzeni 2.18 Necht G = (N,T,St, Pr) je D-gramatika bez undrnich pravidel, w =
ai - -.an veta, d > 0 celé€ cislo, a M je parsing podle gramatiky G nad vétou w s poctem
dér, ktery neprevysuje d. Pak M md polynomidlni velikost a lze jej urcit s polynomidlni
sloZitosti, casovou i prostorovou vzhledem k délce véty n i vzhledem k velikosti gramatiky

G.

Dukaz: Z predpokladu plyne, Ze velikosti polozek nejsou vétsi nez 2d+2. Polozek
s touto vlastnost{ jisté nemiize existovat vice nez [N UT| x n x n2?*2 tedy polynomidlni
pocet vzhledem k délce véty i velikosti gramatiky.

Slozitost vypoc¢tu je shora omezena napriklad slozitosti jednoduchého algoritmu,
ktery vychazi od n polozek Pi = [a;, 1,1, 1] odpovidajicich listim DR-stromu a postupné
pro v8echny dvojice polozek zkousi, lze-li jejich spojenim na zakladé jejich symbolu, hori-
zontalnich index1, pravidel gramatiky, pokryti a predepsané restrikce poc¢tu dér v pokryti
odvodit jinou polozku. Pokud ano, zkontroluje jesté, zda se odvozend polozka neshoduje
s nékterou polozkou odvozenou jiz diive.

Je-li cilovy pocet polozek omezen konstantou C' = |N U T| x n?¢*+2 nebude tento
proces trvat déle nez C® krokii, kde za elementérni kroky povazujeme zjisténi, zda lze ze
dvou danych polozek odvodit dalsi polozku a test shodnosti dvou polozek — a mé tedy
také polynomidlni slozitost vzhledem k délce véty n i velikosti gramatiky G. Q.E.D.

Tvrzeni 2.19 Necht G je D-gramatika bez undrnich pravidel, necht w = a1 ...a, je
véta, necht M je DR-parsing podle gramatiky G nad vétouw w. Pak M obsahuje vsechny
poloZky DR-analyzy podle gramatiky G nad vétou w.

Dukaz: Necht DR(G) je DR-analyza podle G. Zvolme libovolny T' € DR(w,G),
ukazeme, ze M obsahuje vSechny polozky stromu 7.
Postupujme indukci podle velikosti pokryti uzla stromu 7T'.



Polozky s jednoprvkovym pokrytim odpovidaji listim stromu a musi mit tvar P; =
[ai,i,1,i]. Takové polozky parsing podle gramatiky G nad vétou w obsahuje z definice.

Nyni predpokladejme, ze jiz vime, ze M obsahuje v8echny polozky stromu 7" s po-
krytim velikosti nejvyse k& — 1, kde k& > 1.

Uzly s pokrytim velikosti k nejsou listy (protoze k > 1). Takovy uzel u musi tedy mit
dvé dcery (protoze G neobsahuje unarni pravidla), pokryti téchto dcer jsou neprazdnd
a disjunktni, tedy mensi nez k, tedy podle indukéniho predpokladu jiz vime, ze parsing
M obsahuje polozky odpovidajici témto dceram. Podle definice parsingu potom parsing
musi obsahovat i polozku odpovidajici uzlu u. Q.E.D.

Poznamka 2.20 Vidéli jsme, Ze mnoZina poloZek DR-stromu jednoznacné uréuje DR-
strom. Na druh€ stran€ dany parsing sice obsahuje sjednoceni mnozin poloZek vsech
strom urcéit€é DR-analyjzy nad urcitou vétou, ale toto sjednocent, bez znalosti gramatiky,
nemusi postacovat k rekonstrukci puvodnich mnoZzin poloZek jednotlivych stromi.

Oznaceni 2.21 Necht G je D-gramatika bez unéarnich pravidel, w je véta a M =
{Pi,...,P,} je DR-parsing podle gramatiky G nad w. Pfedpoklddejme zaroven, 7e jed-
notlivé polozky parsingu M jsou pevné o¢islovany. Rekneme, Ze polozka P; je odvozend,
pokud plati |Cov(P;)] > 1. S jakoukoliv odvozenou polozkou P; musi M obsahovat
také jednu nebo vice dvojic polozek (P;, Py) tvoticich rozklad polozky P; v parsingu M.
Rozklady téze polozky lze usporadat lexikograficky podle velikosti indext, prvni z nich
oznacime za pruni rozklad poloZky P; a ke kazdému rozkladu kromé posledniho dokazeme
nalézt ndsledugici rozklad.

Oznaceni 2.22 Necht G je D-gramatika bez unédrnich pravidel, w je véta a M =
{Py,...,P,} je parsing podle gramatiky G nad w a P € M je polozka. Definujme
mnozZinu polozek M (P) jako nejmensi mnoZinu takovou, kterd obsahuje polozku P a
ktera zaroven s kazdou odvozenou polozkou obsahuje i polozky tvotici jeji prvni rozklad
v parsingu M. DR-strom, ktery k této mnoziné polozek sestrojime postupem popsanym
v ditkazu Tvrzeni 2.10 nazveme proni podstrom polozky P v parsingu M.

Tvrzeni 2.23 Nechtf w = ay ...a, je véta, G je D-gramatika bez undrnich pravidel,
M = {P,P,...,Py} je parsing podle gramatiky G nad vétou w a necht DR(G) je
DR-analijza podle G. Potom lze polynomidlnim poctem kroki vzhledem k m a n urdcit,
Ze mnoZina DR(w,G) je prazdnd nebo nalézt pruni DR-strom T € DR(w,G).

Dukaz: Urceni, zda mnozina DR(w,G) je prazdnd, je ekvivalentni zjisténi, zda
parsing M obsahuje alespon jednu polozku Pyoo takovou, ze Cov(Proot) = {1,...,n} a
jeji symbol je jednim z poc¢ateénich symbola. Pokud ano, hledany DR-strom bude pruni
podstrom poloZky Proot- Q.E.D.

Tvrzeni 2.24 Nechtf w = ay ...a, je véta, G je D-gramatika bez undrnich pravidel,
M ={P,,P,,...,P,} je parsing podle gramatiky G nad vétou w, DR(G) je DR-analyjza
podle G a Ts € DR(w,G) je DR-strom nad w podle analijzy DR. Pak existuje uspo-
Taddni U na mnoZiné DR(w,G) a algoritmus, ktery po polynomidlné omezeném poctu



kroki vzhledem k hodnotam m a n vyda dalsi strom Ts11 z DR(w,G) podle uspordddni
U nebo zjisti, Ze takovy strom jiZ neexistuje.

Duikaz: Ukéazeme zptsob, jak nalézt dalsi strom; usporadani U bude dano poradim,
v némz algoritmus nachazi jednotlivé stromy.

Dalsi strom nalezneme nasledujicim algoritmem:

1. Uzly stromu T ocislujeme podle jejich pozice ve stromé prichodem pre-order, tj.
vzdy nejprve matky, potom cely levy podstrom a potom cely pravy podstrom.
Jako Pr,.: ozna¢ime polozku odpovidajici kotfeni T5.

2. Prochazime uzly, které nejsou listy, v klesajicim poiradi podle ocislovani, pro kazdy
uzel ur¢ime odpovidajici polozku P; € M, podle dcer tohoto uzlu a jim odpovida-
jicich polozek uréime (P;, Py) rozklad polozky P; a zkoumédme, zda pro tento uzel
a tento rozklad existuje nasledujici rozklad podle parsingu M.

3. Nalezneme-li uzel u, kde k odpovidajici polozce P; a jejimu rozkladu (Pj, Py,) exis-
tuje nasledujici rozklad (Pj, Py), potom

a) zménime podstrom uzlu u tak, Ze jeho dcery budou uzly odpovidajici po-
éni dst 1 tak, ze jeho d bud ly odpovidajici
lozkdm Pj a Py a jejich podstromy budou prvni podstromy polozek Pjr a
Pk’ .

(b) Déle pro kazdy uzel v v upraveném stromé, ktery ve svém levém podstromu
obsahuje uzel w, uréime pouzity rozklad (Pj,, Py,) & jeho pravy podstrom
nahradime prvnim podstromem polozky P, .

4. Nenalezneme-li zadny uzel u, pro ktery by existoval dalsi rozklad, vycCerpali jsme
vSechny stromy s kofenem odpovidajicim poloZce Pr,.:. Hledame tedy dalsi po-
lozku pokryvajici celou vétu a pro ni uréime prvni podstrom.

5. Neexistuje-li jiz zadné dalsi polozka pokryvajici celou vétu, neexistuje dalsi DR-
strom T511 € DR(w,G).

Povazujme zjisténi, zda lze ze dvou danych polozek odvodit tieti danou polozku, za
elementarni krok. Algoritmus prochézi nejvyse (2n — 1) uzla, pro kazdy z nich prohlizi
nejvyse m(m — 1)/2 dvojic polozek, aby zjistil, zda existuje nasledujici rozklad p¥islus-
ného uzlu, tedy (2n — 1)m(m — 1)/2 kroku. Nejvyse stejné dlouho trva nalezeni prvniho
rozkladu v8ech poloZek v novém podstromu a vytvoreni prvnich podstromu vsech pra-
vych deer matky uzlu u (protoZe pro kazdy uzel bude algoritmus prvni podstrom vytvéaret
nejvyse jednou).

Slozitost algoritmu tedy neni fddove vétsi nez nm?. Q.E.D.



2.2 Zavérefna poznamka

Predchozi dvé tvrzeni fikaji, ze ackoliv slozitost syntaktické analyzy i v pripadé omezené
DR-neprojektivity mize byt vice nez exponencidlni vzhledem k délce véty, 1ze tuto ana-
lyzu provadét tak, ze v polynomidlné omezeném case rozhodneme, zda existuje néjaky
strom nad vétou podle dané analyzy a potom postupné, opét v polynomialné omezenych
casech, hledame po jednom dalsi stromy az do celkového poc¢tu. Podobné avahy, jaké
zde byly popsany, vyuzival prvni autor pii iplementaci prostiedi pro vyvoj syntaktickych
analyzatoru, viz [4].
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Abstract

Design patterns are well-known technique used in a development of
object-oriented systems for reusing solutions of typical problems. In the
paper we compare design patterns with development techniques used in
functional programming. We describe ideas of some new patterns as well
as an analogy of some known OO patterns in functional programming.

1 Introduction

Design patterns [GHJ], [BMR] are used as standard solutions of typical problems
of an object-oriented design. Some problems are language independent and so
they are relevant also in a different context of functional programming (FP).
We took problems and their corresponding patterns from literature and look for
corresponding patterns in functional programming.

Declarative programming provides support which is not available in object-
oriented languages. Polymorphic functions and data structures and functional
parameters are basic examples of such a support in both functional and logic
languages. We chose the functional language Haskell for this paper because it
has some other features compared to the logic language Mercury. We suppose
that patterns can be transferred also to logic programming.

The paper concentrates on transferring patterns. Knowledge of particular
design patterns and functional programming is an advantage during reading.

As noted in [Pr], the classification of patterns is of a little help for program
developers. They need solutions for their problems. Thus we describe patterns
in a new context and do not analyse their relations.



1.1 Level of patterns

High-level architecture of a program is independent on an implementation lan-
guage. Thus high-level architectural patterns [BMR] can be used analogically
in different languages (the patterns Blackboard, Microkernel). We are mostly
interested in a lower level of patterns.

Low-level patterns, called programming idioms, are usually language spe-
cific. Therefore they can not be used as a source for a transfer. Moreover,
some patterns in one language disappear in another language due to different
possibilities of languages.

1.2 Comparison of OOP and functional programming

An object is the core entity in OOP. An object has a state and a composed inter-
face and it associates data and functions. In functional programming there is no
such a universal entity. So various means are used to describe design patterns,
especially data structures, higher-order functions, type classes and modules.
There 18 also a difference in a granularity of objects and data structures. One
data structure usually corresponds to many interconnected objects.

The nonexistence of a state means that many patterns devoted to a process-
ing or synchronization of states of one or more objects are not usable. The archi-
tecture of such programs is different and a problem formulated in the context of
OOP disappears or must be reformulated for other entities than objects. One
basic characteristic of pure functional languages is a referential transparency.
Thus each function must get all data which are needed for computing of an
output value. Therefore a (representation of a) state must be given in input
data.

A direct reformulation of patterns in a functional programming sometimes
gives too specific solutions. Such solutions can be generalised for other data
structures or types.

1.3 Hook and template in funcional programming

The idea behind many patterns is a decoupling. A hook part which should
be flexible is hidden from the rest of the system and is called only through a
template part. Possibilities of an actual implementation follows.

We do not have objects and their virtual methods in functional programming
as an universal way of late binding. Patterns must be implemented using other
low-level principles.

First possibility is to use functional parameters in higher-order functions.
An appropriate code for a hook is explicitly given as a parameter. This method
is probably the most universal one, as we can pass a tuple of data structures and
function. Second possibility is to use parametric polymorphism. Data structures
and functions can be polymorphic and thus independent on a particular type



of a parameter. Third possibility is to use type classes and allow to select
the particular operations during a (rejcompilation. The last possibility is to
use modules and abstract data types. Cooperating functions of a pattern are
grouped together in the last two cases. Also some special features as extensible
records can be suitable for a pattern description.

More OOP patterns will be reduced to the same or similar FP pattern. This
1s possible, as we can look at some patterns from different points of view.

The same program can be written using different programming styles. There
are for instance continuation passing style, monadic style or compositional pro-
gramming using combinators in functional programming. Such styles can use
specific low-level patterns, which are not analysed here. Styles correspond to
frameworks in some sense. There are special features and usual ways of com-
bining parts in both cases.

Patterns can be aimed also at special domains. Hot spot identification com-
bined with essential construction principles is suggested for a development of
domain-specific patterns [Pr]. Combinators for specific domain are such (low-
lever) patterns in functional programming.

2 Patterns

We take patterns from [GHJ] and look for corresponding ideas in a functional
programming. Patterns described there are more general and less object-oriented
in comparison with [BMR]. Some patterns solve problems too specific for object-
oriented programming, especially questions of a state manipulation and synchro-
nization in a wide sense.

The first three subsections describe structural, behavioral and creational
patterns according to [GHJ]. For each pattern we describe an original central
idea [HDP] in an object-oriented programming and then we start to analyse its
functional twins.

2.1 Structural patterns
2.1.1 Adapter

The adapter pattern converts an interface of a class into another interface ex-
pected by a client.

This idea can be used for functions and for data structures. In the first case
the interface of a function is its type. Each use of the pattern means to write an
adapter function, which transforms the original adaptee function to a new one.
The functions flip, curry and uncurry are examples of the pattern. Instead of
the original incompatible function f we call the compatible function (adapter f)
in the same context.

flip :: (a=>b->c) => b -> a -> ¢
flipf xy =£fyx



curry :: ((a,b) => ¢) -> (a->b->¢)
curry £ x y = £ (x,y)
uncurry :: (a->b->c) -> ((a,b) -> ¢)

uncurry £ p = £ (fst p) (snd p)

In the second case of data structures, the adapter is a function which converts a
data structure to another structure.

Other usage of adapter pattern change of data structure to some standard form.
As an example, a linearization to a list is possible for any container structure with
elements of a single type. So elements from any container can be processed using the
same manner. One type of container are of general n-ary tries with inner nodes of
some type a. Their definition and the function l:stify for their linearization follows.

data Tree a = Node a [Tree a]
listifyNT (Node x Sub) =
a: concat(map listifyNT Sub) where
concat [1 = []
concat (xs:xss) = xs++concat xss

The auxiliary function concat concatenates all results from subtrees to a single
list. The order of elements in the result is specified by the implementation of list:fy.

2.1.2 Composite

The composite pattern composes objects into tree structures to represent part-whole
hierarchies. The pattern corresponds to a definition of a new type constructor Tree.
Composite structures use a type Tree a instead of a. Trees can be binary, n-ary etc.

The n-ary trees were introduced in the previous pattern Adapter and their struc-
ture is suitable for Composite pattern. The simpliest single node tree Node z [] can be
used instead of an element z. If in an application data of the composite type Tree a
is used instead of data of a type a then also the function working with the data must
be changed. All calls to some function f working with the type a are changed to the
call mapT'ree f, where the new function mapT'ree is

mapNT £ (Node a Subtrees) =
Node (f a) (map (mapNT f) Subtrees) where
map £ [] = [
map f (x:xs) = f x : map £ xs

The function does not change the structure of a tree and performs the operation f
on all elements. Another functions for working with the tree structure must be also
given. The patterns visitor can be used for them.

2.1.3 Decorator

A decorator enable to attach additional responsibilities to an object dynamically.
A possible reformulation in a functional programming is that we want to extend
the behaviour of a function for a given data structure. A simple approach is to give



a function higher-order parameter f, which describes how the data structure should
be processed. This solution has a disadvantage that the parameter describes the
whole processing but is not extensible. Using the idea of continuations, the extensible
solution is to use the parameter f with a hole — another functional parameter g. The
latter function g describes only the additional processing and is substituted to the
identity function :d when nothing new is needed.

In the following the examples show how to create a decorated structure and how
to create a decorated function.

decorated_x = decorate2 (decoratel x)

extended_processing =
\x -> post_decorator (
basic_decorator (
pre_decorator x))

decorator f_decor x = f_decor x

The use of the decorator pattern is the call decorator id = on the places where
the value x is used. The "empty” decorator id can be then changed to appropriate
processing as basic_decorator from example or (post_decorator . id . pre_decorator).
The data = can be changed to decorated_r in a similar manner. Decorator functions
can have its own parameters.

One note concerning a type of results. We suppose the same type of results for
calls with an additional functionality and without it. So the type of results must be
extensible and we must understand the semantics of results if we want to use them.
Extensible structures in this sense are data structures as lists, trees etc. The semantics
of old and new functionality can be captured in a lookup list. Each new functionality
adds one (or more) key - value pair to the result. Other means for extensible data
structures as extensible records (TREX) in Hugs implementation [Hs] are available.

We need not understand the results when they are not processed or are processed
uniformly. The results given directly to output are an example of the former case.

2.1.4 Proxy

The proxy patterns provide a surrogate or placeholder for another object to control
access to 1t. There is a more specific pattern concerning data structures in functional
programming. Instead of using data directly we use the name of data. For instance
we can use the name of a vertex in a graph to hide an actual data about the vertex.
The data represented by the name may be a subject of change independently from the
names. Some look-up function must be called dynamically to get an actual data for
the given name.

2.2 Behavioral patterns

2.2.1 Chain of responsibility

In this pattern all possible receivers of an request are chained. It means that a sender
is not coupled with the receiver(s) and possibly more objects can handle the request.



A possible implementation is to pass an argument corresponding to a request to a
list of functions. Each function is a handler and it returns the result or some special
value meaning a request was not handled. The type Maybe a parameterized with the
type a of result can be used for extended results.

data Maybe a = Nothing
| Just a

The return value of the whole processing is extracted from the sequence of results
of handling functions. The examples of extracting functions are given in the figure.
The function chainl returns only the first valid value (using monadic sequencing) if
it exists and chainall returns all valid results in a list.

chainall :: [a->Maybe b] -> a -> Maybe b
chainall fs x =
filter (/=Nothing) (map (\f -> f x) x)

chainl :: [a -> Maybe b] -> a -> Maybe b
chainl [] x = Nothing
chainl (f:fs) x = case f x of
Nothing -> chainl fs x
Just x -> Just x

In both cases all handling functions have the same type. The result value Nothing
means that no function was able to process the data.

If the handling functions are not of the same type then the technique similar to
continuations can be used. Each handler function has an additional parameter for a
continuation function. The continuation is called with the original argument only when
the current handler was not able to process the data. This corresponds to processing
according to the chainl function.

Generalization. In fact, handlers need not be in a chain, but they can create
more complex structure. A function can process data immediatelly or it can pass them
to some subhandlers. An idea of implementation id given in the figure.

handler £ (£f1,..,fn) x =
let fx = f x in
if handled fx then fx
else compose_n (handler f1 x,..handler fn x)

The function compose selects relevant subhandlers and also composes its results.
Using this approach in source code the handling function need not have the same type.
The disadvantage is that all handlers must be given separately. This method was used
in a different context for creating typed representation of XML documents [ThO1].

2.2.2 Interpreter

If there is given a language, let’s define a representation for its grammar along with an
interpreter for it that uses the representation to interpret sentences in the language.



In a functional programming we usually interpret structured data, so the data
incorporate the used rules. From this point of view the process of parsing, i1.e. building
structure, can be separated. The rest is an interpretation. The general function for
an interpretation of data structures of a given type is the higher-order function fold
for the type. The examples show a fold functions for lists and n-ary trees

fold :: a -> (a->b->b) -> [a] -> b
folde f [] = e
fold e f (x:xs) = f x (fold e f xs)

foldNT :: (a->[b]->b) -> Tree a -> b
foldNT £ (Node x ts) = f x (map (£o0ldNT £f) ts)

Each funcional parameter corresponds to one constructor of a type and interprets data
structures with this main constructor.

The function fold must be implemented for each type separately in a typed lan-
guage as Haskell. The ideas of polytypic programming [GHs] allow to write the fold
function once and automatically generate instances for various types. It means that
the pattern can be expressed as a code in such extended language.

2.2.3 Iterator

[terator provides a way to access elements of an aggregate object sequentially without
exposing its underlying representation. This idea can be transferred to the functional
programming in two ways. They differ in understanding of the word sequentially. The
first meaning is sequential data structure and the second one is sequentially in time.

In the first case we transform elements of an aggregate object to a list and then
list-processing functions can be used. This is similar to the adapter pattern.

In the second case we prepare functions corresponding to an interface of an iterator.
There are the functions init, next, done and possibly others for a given type a.

init ::a-> 8t a
next :: St a -> (a, St a)
done :: St a —-> Bool

The current state of iterator is captured in appropriate type St a and is trans-
ferred among functions above using parameter. An implementation can use separate
functions or can define type class of types equipped with an iteration.

Note that this pattern can be generalised. In both cases we are not restricted
to the sequences but an element can have more following items. Such a generalised
iterator can implement the method ”Divide et impera”.

2.2.4 State

A state pattern allows an object to alter its behavior when its internal state changes.
The object will appear to change its class.

If the interface to an implementation, which should depend on a state, is a tuple
of functions (f1,..., fn), then the particular funcions in the tuple have to change
according to a change of the state.



A possible implementatiion of this pattern in functional programming is as follows.
All parts of code, which depend on the state, take one additional parameter. The
parameter is a tuple (s, t), where in s is encoded the actual implementation of functions
corresponding to the current value of the state. The functions are in a form accessible
for direct usage. The second part ¢ is a list of all possible implementations, which
must be accessible, when the state changes. These implementations can be in a form
of tuples, so the whole tuple can be easily extracted when needed. The second part
can be eliminated in such parts of code, where the state does not change.

FEach change of the state cause a selection of new value of s from the list ¢{. The
actual value of the state can be one additional slot in the n-tuple. The representation
of a state can be implemented using the Reader monad [Wa92].

2.2.5 Strategy and Template Method

The description of the strategy pattern is following. It defines a family of algorithms,
encapsulates each one, and makes them interchangeable. Strategy lets the algorithm
vary independently from clients that use it.

This pattern disappears in a functional programming as a possibility to use func-
tions as parameters enable direct parametrization of functions with a strategy param-
eter.

The pattern Template Method is similar. It defines the skeleton of an algorithm
in an operation, deferring some steps to subclasses. Template Method lets subclasses
redefine certain steps of an algorithm without changing the algorithm’s structure.

In this case we use more functional parameters. Each one refers to a single step,
which was deferred.

2.2.6 Visitor

The pattern Visitor represents an operation to be performed on the elements of an
object structure. Visitor lets you define a new operation without changing the classes
of the elements on which it operates.

There are two types of visitor, the internal and the external. The first one performs
given operation on all elements of the structure. This corresponds to the map function
which gets the operation as a parameter. The second one needs to capture a state and
its implementation is similar to the Iterator one.

2.2.7 Pipes and Filters

This architectural pattern [BMR] provides a structure for systems that process a
stream of data. Each processing step is encapsulated in a filter component. Data
are passed through pipes between adjacent filters.

Processing (finite) lists or (infinite) streams is a standard technique in functional
programming. The binding of adjacent processing steps is realised by a function
composition. The map function processes an input in an one-to-one style. The filter
function (in functional terminology) leaves out some data. Both functions have a
functional parameter which describes the way of processing of an element in the first
case and which data should remain in a stream in the second case. Other higher-order
functions can support many-to-one or many-to-many processings.



2.3 Creational patterns
2.3.1 Builder

The Builder separates a construction of a complex object from its representation so
that the same construction process can create different representations.

The data structures are built in a functional programming using constructor func-
tions. We use the same style but instead real constructors we use virtual ones which
hide the real construction process. Then we get the same effect in a functional pro-
gramming.

A real implementation can use separate functions, type classes or a set of mutually
recursive constructors which pass themselves to lower levels of a structure.

The described process of a construction is incremental and the real data structure
can be repeatedly rebuild. So it may be more effective to give all data to the (abstract)
construction process in one batch. The pattern can be also coded using the functions
fold and unfold. The first one can be used in cases when we have a structure and we
want to reinterpret it. The second one enables replace constructors by given functional
parameters during recursive building process.

3 Conclusion

We have shown that design patterns for many problems can be transferred from object-
oriented programming to a functional programming and more generally to a declarative
programming. However some problems and their published patterns are too specific
for an object-oriented programming, so they were not covered in this paper. Also
high-level architectural patterns and low-level patterns — programming idioms were
left out.

In FP as well as in OOP it is usually possible to write a template for the core of a
pattern. The template and examples are important for usefullness of a pattern library.
Patterns are interconnected and rules of thumb were formulated [PPR].

There is no single universal entity in a functional programming as there is an
object in OOP. The core idea of decoupling can be targetted to functions or to data
structures and can be realized by various means. A comparison of various approaches
is left for future work.

Some patterns correspond to well-known techniques in a functional programming.
Other approach to analysis of correspondence can be taken. We can take such tech-
niques and look for problems which they solve. A more general or more parametric
pattern can be found using abstraction. Also an analysis of a relevance of published
problems in a context of a functional (and logic) programming followed by a reformu-
lation of the problems remains to be done.
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Abstrakt

Redukéni automaty jsou variantou deterministickych restartovacich automatu.
Redukéni automaty modeluji redukéni analyzu vstupnich vét. Pomoci monoténnich
redukénich automatt charakterizujeme tiidu jazyku DCFL a ukazujeme, Ze k re-
dukénim automatum lze sestrojit redukt v podobném smyslu jako k Mooreovym au-
tomatum. Redukty zachovavaji rozpoznavany jazyk a redukéni analyzu puvodnich
automatu.

1 Uvod a zakladni pojmy

V tomto piispévku zavadime redukéni automaty a ukazujeme jejich zakladni vlast-
nosti. Redukéni automaty jsou variantou deterministickych restartovacich auto-
matu. Restartovaci automat byl poprvé piedstaven v [3] jako zafizeni vhodné pro
modelovani redukénich analyzy jak formalnich, tak i pfirozenych jazyku.

Redukéni automat si muzeme pfedstavit jako zaka, ktery provadi vétny rozbor.
Takovy zék ¢te zadanou vétu zleva doprava, jedno slovo po druhém. Aby se ve vété
neztratil, ukazuje si v ni prstem. Jeho ukazovak pfitom mif{ mezi dvé slova, ¢imz
vétu rozdéluje na dvé ¢asti: jiz prectenou a jesté nepiectenou. O prectené Casti véty
si déld poznamky na kus papiru omezené velikosti.

74k postupuje velmi systematicky: Nejprve se podivd na sviij pozndmkovy
papir, pak si pfeCte prvni jesté nepfectené slovo, presune za né svuj ukazoviak
a nakonec prepiSe poznamku na svém papiru. Na vhodném misté pak vétu prohlasi
za bezchybnou, nebo ji prohlasi za chybnou, nebo ji zkrati a s ¢istym kusem papiru
ji zagne Cist znovu od zacatku. Vétu muze prohlasit za bezchybnou, teprve az kdyz
ji celou precte. Zkraceni véty provede tak, ze z ni odstrani nékolik slov nalevo pied
ukazovakem. Vzdélenost vSech odstranénych slov od ukazovaku je pfitom omezend
néjakou konstantou.



Predstavu zdka provadéjiciho vétny rozbor nyni zformalizujeme. Misto véty tvo-
fené slovy mame fetézec slozeny ze symbolu vstupni abecedy. Pravy konec fetézce
explicitné vymezujeme specidlnim symbolem — omezovac¢em. Omezovaé se lis{ od
viech symbolii zminéné vstupni abecedy. Zékovu poznamkovému papiru odpovida
7idici jednotka, kterd muze nabyvat jednoho z konetné mnoha stavu. Ukazoviak
nahradime wukazatelem aktudlni pozice v Fetézci, ktery je spojen s fidici jednot-
kou. Mistum v fetézci, na kterd automat ukazuje, fikdme pozice. Pozice v Fetézci
vyznacujeme piirozenymi ¢isly tak, ze zleva doprava tvoif rostouci (ne nutné sou-
vislou) posloupnost. Zacatku retézce odpovidd pozice 0. Pozici symbolu v fetézci
myslime pozici v Fetézci bezprostiedné za timto symbolem. Cistému poznamkovému
papiru odpovida tzv. pocédtecni stav oznatovany jako go. S timto stavem v fidici
jednotce a s ukazatelem na diplném zacatku fetézce (na pozici 0) zacing reduként
automat svou praci. Redukéni automat v kazdém kroku pfesune svuj ukazatel
pfes jeden symbol doprava na nésledujici pozici. Podle stavu své fidici jednotky
a podle symbolu, pfes ktery ukazatel pfesunul, nastavi svou fidici jednotku do
nového stavu.

Nékteré stavy maji specidlni vyznam. Takovym stavim fikdme operace. Re-
dukéni automat vyuziva operaci tif typu — ACC, ERR a RED. Operace ACC formalizuje
prohldseni o bezchybnosti daného fetézce (prijeti Fetézce), operace ERR prohldseni
o jeho chybnosti (zamitnuti fetézce). Operace RED (redukéni operace) fikaji, jak ma
automat zpracovavany fetézec zkratit. Jakmile se v fidici jednotce automatu objevi
operace RED(n), zkrati automat zpracovdvany fetézec podle bindrni posloupnosti
n. Konéi-li n jedni¢kou, pak automat odstrani z fetézce pozici, na kterou ukazuje
a posledni pfecteny symbol vlevo za touto pozici. Konci-li naopak posloupnost n
nulou, pak automat ,,couvne“ zpét pfes posledni piecteny symbol smérem doleva.
Poté v obou ptipadech zkrati bindrni posloupnost n ve své fidici jednotce o posledni
cifru. Takto postupuje az do chvile, kdy jeho ukazatel ukazuje na pozici 0, nebo kdy
je binarni posloupnost v jeho fidici jednotce prazdna. Vykonavani RED-operace
koné¢i ndvratem na pozici 0 a nastavenim fidici jednotky do pocate¢niho stavu qo.

RED-operace maji pro praci automatu zna¢ny vyznam. Diky nim rozpoznévaji
redukéni automaty vétsi tiidu jazyku nez automaty koneéné (viz véta 2.4 na strané
8).

Poté, co jsme se ziskali zdkladni pfedstavu o tom, co je to redukéni automat, a
jakym zpusobem nakldda s fetézcem symbolu, muzeme tuto predstavu formalizo-
vat. Zacneme jeho definici:

Definice 1.1 (Redukéni automat). Redukénd automat M je pétice

(27 Q? R7 q07 A)?

kde ¥ je koneéna vstupni abeceda, @ je konecénd mnoZina stavi, R C Q je mnoZina
operact, qo € Q je poédtecni stav a A je prechodovd funkce. MnoZina R obsahuje
operace ACC, ERR a ddle nékolik operaci RED(n), kde n € 1{0,1}". Prechodovd funkce
A pritadi kazdé dvojici z (Q \ R) x (X U {e}) stav nebo operaci z Q. Prechodovd
funkce v libovolné dvojici (g, a) vyhovuje ndsledujicim podminkdm.:

e je-li A(g,a) = ACC, pak a = e,

e je-li A(g,a) € (Q\ R), pak a # e.



v ovs

e je-li A(q,®) =RED(n), pak n konci éislici 0.

Pro automat M zavedeme tzv. charakteristickou konstantu ks jako délku nej-
delsi binarni posloupnosti obsazené v néjaké RED-operaci automatu M.

knr = max{|n| | RED(n) je operace automatu M } (1)

Stavy véetné operaci (prvky mnoziny @) budeme oznacovat pismenem s nebo s,
stavy riizné od operaci (prvky mnoziny @ \ R) pak pismenem g nebo q’. V obou
piipadech budeme ¢asto pouzivat dolni indexy.

Zobecnéna prechodova funkce. Piechodovou funkci zobecnime stejnym
zpusobem jako pfechodovou funkci koneénych automatu:

A(s,w) =s, Jestlize s€Q a w=A\,
A(q,wa) = s, jestlize A(A(q,w),a)=s.

Je-li A(g,w) = s, pak ikdme, Ze automat pfesel ze stavu ¢ pies slovo w do stavu s.
Jestlize je s operace, pak fikdme, Ze automat po pfechodu ze stavu q pfes slovo w
vykonal operaci s. Stav ¢ nazyvame vijchozim stavem a stav s dosaZenym stavem,
resp. vykonanou operaci. Slovo w je prectené slovo. V piipadé, ze s je operace ACC,
resp. ERR, mluvime o ACC-, resp. ERR-pfechodu.

Etapa. Piechod redukéniho automatu z poc¢dtecniho stavu s ukazatelem na za-
¢atku tetézce az k operaci, kterou ma nad seznamem vykonat, budeme nazyvat
etapou. Formalné etapu zapisujeme takto:

A(go,w) =s, kdese€ R.

Podle operace, kterou etapa konéi, budeme rozlisovat ACC-, ERR- a RED-
etapy.

Relace redukce. Zkriceni fetézce podle bindrni posloupnosti, které redukéni
automat provadi svymi RED-operacemi, zachytime pomoci notace definované né-
sledujicimi vztahy:

INl=u Ial=2x laol=1nl-a lazl=1wl
V uvedenych vztazich je n bindrn{ posloupnost, u € (XU {e})" a a € TU{e}. Tuto
notaci zavadime obecné pro fetézce a binarni posloupnosti, jejichz délka neni ome-

zena zadnou konstantou. Zkraceni fetézce (;a,)g podle posloupnosti 101 zapiSeme
takto:

3

[ (sar g

101

Pomoci uvedené notace muzeme nyni popsat, jak automat svymi RED-opera-
cemi zkracuje zpracovavany fetézec. Zavedeme pro to relaci redukce:

|= az

wi = wa, jestlize wie =ww’ a A(g,w)=RED(n) a wse=|Y| -w'
Plati-li w1 = wo, fikdme, Ze automat redukuje fetézec w1 na fetézec wa. Je-li navic
|wi| > |wz], pak mluvime o zkracugici redukei. Reflexivn{ a tranzitivni{ uzavér relace
redukce budeme oznacovat jako =*. Nékdy bude vhodné explicitné vyznacit, ktery
automat redukci provedl. Udélame to tak, ze dotyény automat uvedeme jako dolni
index.



Redukéni analyza. Koneénou redukéni analijzou automatu M myslime libo-
volnou kone¢nou posloupnost redukei

w1 = W2 = ... = Wn,

kde wy, je fetézec, nad kterym muze tento automat vykonat ACC- nebo ERR-etapu.
Konéi-li posledni etapa ACC-operaci, mluvime o prijimajici analyze, konéi-li ERR-
operaci, jedna se o zamitajici analyzu. V nésledujicim textu budeme ¢asto misto
terminu redukéni analyza pouzivat zkraceny termin analyza.

Kromé koneénych analyz muze redukéni automat provadeét i analyzy nekonecéné.
Analyza

W), = W2 = W3 = ...

je nekonec¢nd, jestlize od néjakého k je wyp = wi4s; pro kazdé ¢ > 0. K tomu
dojde v piipadé, ze automat po preCteni prefixu w fFetézce wi vykona operaci
RED(n), kde n je néjakd bindrni posloupnost konéici |w| nulami. To, Ze pro kazdé
1 > 0 plati wy = Wk, jisté plyne z rovnosti slov wy a wg41. Nekonecnou analyzu
prohlasime definitoricky za zamitajici. Za chvili si ukdzeme, Ze se bez Ujmy na
obecnosti muzeme omezit jen na redukéni automaty, jejichz libovolnd analyza je
konecné.

Prijimany jazyk. Jazyk prijimanyg nebo téz rozpozndvany redukénim automa-
tem M definujeme jako mnozinu slov L(M), pro kterd existuje prijimajici analyza
automatu M:

LAcc(M) = {w (S »* | A(qo,wo) = ACC}
LM)={we ¥ |Fw € Lice(M) : w="w"}

Ekvivalence red-automatd. Pomoci rovnosti mnoZin pfijimanych jazyku
definujeme ekvivalenci na tiidé vSech redukénich automatt. Dva automaty M,
a My jsou ekvivalentni, jestlize

L(M:) = L(Mz2)
Nésledujici lemma uvadi postacujici podminku pro ekvivalenci dvou redukénich
automatu.
Lemma 1.2. Libovolné dva red-automaty M, M’ jsou ekvivalentni, jestlize zdroveri
(Z) LAcc(M) = LAcc(M,) a
(i3) w1 =nm wa je zkracujict redukce, prdvé kdyz w1 = wa je zkracugict redukce.
Diikaz. Nejprve ukazeme, ze L(M) C L(M"). Indukef podle n ukdzeme, 7e z w =7,
w’ € Lycc(M) plyne w € L(M') pro kazdé n > 0.
1. Je-lin =0, pak w € Lacc(M) a podle (i) je w € Lacc(M’).
2. Predpokladejme, ze tvrzeni plati pro kazdé m < n. Ukdzeme, ze potom plati
iprom=n+1.
Necht w =n w” =% w' € Lac(M). Potom jisté |w| > |w”| a podle in-
dukéniho pfedpokladu plati, ze w” € L(M'). Z (ii) plyne, ze w = w”,
takze w € L(M").

’



Stejnym postupem muZeme dokézat i obrdcenou inkluzi: L(M) 2 L(M’). |

Vlastnost zachovani chybnosti a bezchybnosti. Pomoci relace redukce
muzeme vyslovit zdkladni vlastnost, kterou spliiuji vSechny redukéni automaty:

Lemma 1.3. Jestlife w1 = m w2, potom w1 € L(M), prdvé kdyz wa € L(M).

Tuto vlastnost budeme nazyvat vlastnosti zachovdvdni chybnosti a bezchybnosti.
Jeji platnost snadno nahlédneme z nésledujici dvahy: Je-li we =3, w prijimajici
analyza pro slovo wz, pak w1 = w2 =3, w je prijimajici analyza pro slovo w;.
Vyjdeme-li naopak z predpokladu, ze w1 € L(M), pak mame analyza w1 =3; w,
kde w je néjaké slovo z L(M). Tato analyza musi za¢inat redukef slova wq na slovo
w2, jinak by nebyla pfechodova funkce automatu M definovana jednoznacné.

Eliminace nekoneénych analyz.

Tvrzeni 1.4. K libovolnému redukénimu automatu lze sestrojit ekvivalentni re-
dukéni automat, jehoZz libovolnd analyza je konecnd.

Diikaz. Piedpoklddejme, ze M = (X,Q, R, qo, A) je redukéni automat s charak-
teristickou konstantou kns. K automatu M sestrojime redukéni automat M I =
(2,Q', R, qo,A’) a ukdZeme, Ze je ekvivalentni s automatem M, a 7e kazd4 jeho
analyza je konecné.

Konstrukce. Mnozinu operaci a mnozinu stavi automatu M’ vymezime tak-
to:

R’ = {ACC,ERR} U {RED(1n) | RED(n'in) € R pro n&jaké n'},
Q/:R,U((Q\R) X {1,...,k]u}).

Pocdteénim stavem automatu M’ je dvojice (qo,1).
Pfechodovou funkci A’ definujeme pro kazdy stav (q,m) € Q" \ R’ a libovolny
symbol a abecedy X U {e} takto

(¢',m+1), jeli A(g,a)=¢ € Ram < ku,

A(g, a)
(¢',m), je-li A(g,a) = ¢ ¢ Ram = ku,
Acc, je-li A(g,a) = ACC,
A'((g,m),a) = RED(n), je-li A(q,a) =RED(n) a |n| < m,
RED(n’), je-li A(q,a) =RED(n), |n| > m a n’ nejdelsf sufix
n, ktery zacind jednickou a je kratsi nez m,
ERR, jinak.

Automat M’ tedy simuluje praci automatu M a navic jesté v kazdé etapé odpoéita-
va prvnich ks jeho prechodi. Pokud béhem téchto prvnich kjs prechodu vykond
simulovany automat RED-operaci, vykona ji i automat M’, ale jen tehdy, kdyz
odstrani z fetézce aspon jeden symbol. Neodstrani-li zidny symbol, pak fetézec
zamitne. Je-li etapa automatu M delsi nez kas pfechodu, pak je automatem M
vérné simulovéna.



L Afa [+ [C [ .

= qo q1 ERR | ¢2 ERR ERR
q1 ERR | g3 ERR | ERR ACC
g2 qa ERR | ¢2 ERR ERR
q3 qs ERR | ¢2 ERR ERR
qa ERR | g3 ERR | RED ( 101 ) ERR
qs ERR | g3 ERR RED(l 10) RED(l 10)

Obrazek 1: Reprezentace redukéniho automatu.

Konecnost analyjz. Koneénost analyz automatu M’ okamzité plyne z popisu
jeho etapy.

Ekvivalence. 7 popisu etapy automatu M’ plyne, ze Lycc(M') = Lycc(M), a
ze w1 = wa je zkracujici redukce, praveé kdyz i w1 = m w2 je zkracujici redukce.
Je tedy splnéna postacujici podminka pro ekvivalenci red-automatu z lemmatu
1.2. O

Pravé dokdzané tvrzeni ndm dava jistotu, ze se bez Gjmy na obecnosti muzeme
déle omezit jen na redukéni automaty bez nekoneénych analyz.

Reprezentace. Lepsi predstavu o daném redukénim automatu ddva jeho vhod-
né reprezentace. Redukéni automat muzeme reprezentovat prechodovou tabulkou
prevzatou z teorie kone¢nych automatu. Piiklad takové tabulky vidime na obrazku
1. Automat zadany uvedenou tabulkou rozpoznava jazyk zjednoduSenych aritme-
tickych vyrazu. Ty se sklddaji ze symbolu a, +, ( a ). Pocdtecnim stavem auto-
matu je stav go. Tabulku ¢teme takto: Je-li v fddku oznaceného stavem ¢ a sloupci
oznaceného symbolem a stav nebo operace s, pak plati A(g,a) = s a naopak.
Rédek obsahujici instrukce s po¢dteénim vstupnim stavem je v tabulce oznacen
sipkou (=).

2 Monotonie

Monotonie je dulezitd vlastnost, kterd umoznuje charakterizovat tfidu DCFL de-
terministickych bezkontextovych jazyku prostfednictvim redukénich automatu.

Necht M = (%, Q, R, qo, A) je redukén{ automat. Rekneme, ze M je monotdénni,
pokud pro kazdou RED-etapu tvaru A(go,w) = RED(n), existuje s € QU R
takové, ze plati  A(qo,|n|) = s.

Monoténni redukéni automaty budeme zkracené zapisovat jako mon-red-auto-
maty. Tfidu vSech jazyku rozpozndvanych mon-red-automaty budeme oznacovat
L(mon-red).

V této sekci ukdzeme, Ze monoténni redukéni automaty charakterizuji deter-
ministické bezkontextové jazyky. Za timto Gicelem pfevezmeme pojem R-automatu
z [3].



R-automaty. R-automat M = (Q,%,k,I,q0) je zafizeni slozené z ¥idici jed-
notky nachézejici se vzdy v jednom ze stavu z koneéné mnoziny ) a z pracovni
hlavy, ke které je pfipojen vyhled velikosti k£ > 0. R-automat pracuje nad linedrnim
seznamem, ktery sestdva z polozek. Prvni i posledni polozka seznamu obsahuje
specidlni symbol (levy sentinel # resp. pravy sentinel $). VSechny ostatni polozky
obsahuji po jednom symbolu kone¢né vstupni abecedy ¥ (#, $ ¢ X). Pracovn{ hlava
automatu snim4 jednu polozku pracovniho seznamu. Kromé polozky snimané hla-
vou, ¢te M ve vyhledovém okné jesté k sousednich polozek napravo od hlavy (nebo
konec seznamu, je-li vzdélenost k pravému sentinelu mensi nez k).

Préci R-automatu popisujeme pomoci konfiguraci. Konfigurace udédvéa obsah
pracovniho seznamu, stav fidici jednotky a pozici hlavy v seznamu. Konfiguraci
s hlavou snimayjici levy sentinel a s fidici jednotkou v poédtecnim stavu qo, nazyvame
v prijimagici resp. zamitajici koncové konfiguraci.

Vigpoétem R-automatu M rozumime posloupnost konfiguraci, kterd zac¢ind star-
tovaci a konéi koncovou konfiguraci. Prechody automatu z jedné konfigurace do
konfigurace nasledujici jsou fizeny instrukcemi z koneéné mnoziny I. R-automat
ma instrukce nasledujicich tif typu:

(q7 au) - (q/7 MVR)7 (q, au) — AACjC7
(q7 au) — (q/7 RST(U))7 (q, au) — REJ,

kde q, ¢ € Q,a € SU{#,8}, u, v € (X)*U(X)*-{$} a v je vlastni podposloupnost
slova au. Instrukce je pouzitelnd, kdyz je fidici jednotka automatu ve stavu q a jeho
hlava spolu s vyhledem snimé slovo au. Pouzitelnost instrukce tedy urcuje jeji leva
strana. Prava strana popisuje akci, kterd ma byt provedena. MVR-instrukce zméni
stavajici stav na ¢’ a pfesune hlavu o jednu polozku doprava. RST-instrukce vy-
pusti z ¢asti seznamu pravé snimané hlavou a vyhledovym oknem nékolik polozek
(alesporni jednu) tak, ze poté tato ¢dst seznamu obsahuje slovo v, a provede restart.
To znamend, ze nastavi automat M do startovaci konfigurace nad zkracenym slo-
vem. Poznamenejme, Ze neni dovoleno vypustit zadny ze sentinelu. Jak ACC-, tak
i REJ-instrukce znamend konec vypoctu. V prvnim piipadé je seznam pfijat, ve
druhém zamitnut.

Podobné jako u redukénich automatu jsou vypoéty restartovacich automatu
rozdéleny na etapy. Kazdd etapa zacind ve startovaci konfiguraci. Etapé, kterd
konéi startovaci konfiguraci fikdme cyklus. Etapu, kterd konéi operaci (stavem)
ACC, nazyvame pftijimajici etapou, etapu, kterd koné¢i stavem REJ, nazyvame
zamitajici etapou. Cykly zapisujeme pomoci jejich redukci. Oznaceni u = v
(redukce u na v podle M) znamen4, ze existuje cyklus automatu M zacinajici ve
startovaci konfiguraci se slovem wu a konéici v restartovaci konfiguraci se slovem wv;
relace =}, je reflexivnim a transitivnim uzévézem = .

Slovo w je prijato R-automatem M pokud existuje vypocet, ktery zacind starto-
vaci konfiguraci se slovem w € ¥* a konéi prijimaci konfiguract, kde ridici jednotka
je ve stavu ACC. L(M) oznaluje jazyk sestdvajici ze vSech slov pfijimanych auto-
matem M; ikdme, ze M rozpozndvd jazyk L(M).

Rikdme, Ze R-automat M je deterministicky, pokud kazdé dvé jeho rtzné in-
strukce maji riznou levou stranu. Zde nés zajimaji pouze deterministické R-au-
tomaty. U deterministickych R-automatt odpovidd kazdé redukci u = v pravé



jediny cyklus. Deterministické R-automaty budeme oznacovat prefixem det-. Za-
vedeme také pojem monotonie vypoctu R-automatu. Dist(u = v) oznaluje
pro libovolny cyklus u = v vzddlenost posledni polozky, kterda se dostala do
vyhledového okna béhem cyklu u = v, od pravého sentinelu. Rikdme, Ze vypocet
C automatu M je monotonni, pokud pro posloupnost jeho cyklu w1 =nm u2 =
<o =0 U je Dist(ur = u2), Dist(uz =um us), ..., Dist(un—1 =nm un) mo-
notonni (neklesajici) posloupnost. Monotonnim R-automatem myslime R-automat,
jehoz vsechny vypocty jsou monotonni. Prefixem mon- budeme oznacovat mono-
tonni verze R-automatu.

Ti{du pravé vSech jazyku rozpozndvanych det-mon-R-automaty budeme za-
pisovat jako L(det-mon-R). Nésledujic{ vétu piebirdme z [3]. Proto ji nebudeme
dokazovat.

Véta 2.1. L(det-mon-R) = DCFL C L(det-R)

Vztah R- a red-automatti. Neni tézké nahlédnout, Ze plati nésledujici lem-
ma. Proto si dovolime vynechat jeho dukaz, ktery potvrzuje, ze mezi R-automaty
a redukénimi automaty je pouze technicky rozdil.

Lemma 2.2.
(i) Ke kazdému det-(mon-)R-automatu M lze sestrojit (mon-)red-automat M
tak, Ze L(M) = L(M1) a pro kaZdé u,v plati, Ze u = v prdvé tehdy, kdyz
U =pn, V.
(ii) Ke kazdému (mon-)red-automatu M lze sestrojit det-(mon-)R-automat M
tak, ze L(M) = L(M1) a pro kaZdé u,v plati, Ze uw = v prdvé tehdy, kdyz
U =pn, V.

Véta 2.3. L(red) = L(det-R) a L(mon-red) = L(det-mon-R)
Dukaz. Véta vyplyva z predchoziho lemmatu. O
Véta 2.4. L(mon-red) = DCFL C L(red)

Diikaz. Véta je dusledkem vét 2.1 a 2.3. O

3 Redukovanost

V této sekci si ukdzeme, jak lze k libovolnému redukénimu automatu sestrojit re-
dukéni automat, ktery provadi stejné analyzy a je ze vSech takovych automatu
minimalni.

Dosazitelnost. Stav s € Q automatu M je dosazitelny, jestlize pro n&jaké slovo
w € X U X*e nastdva
A(go, w) = s,

kde go je pocatetni stav automatu M. Stav, ktery neni dosazitelny, nazyvame
nedosazitelny.

Jak jsme jiz fekli dfive, na redukéni automat se muzeme divat jako na konecny
automat s mnozinou stavu Q. Pfechodova funkce § takového koneéného automatu



se nad mnozinou @\ R shoduje s pfechodovou funkci A. Nad mnozinou R ji muzeme
dodefinovat jako identitu. Z teorie kone¢nych automatu tak muzeme pievzit kon-
strukci kone¢ného automatu obsahujiciho pouze dosazitelné stavy. Bez dukazu vy-
slovime nésledujici vétu:

Véta 3.1. K libovolnému redukénimu automatu lze sestrojit ekvivalentni automat,
jehoz vsechny stavy (a tedy i operace) jsou dosaZitelné.

Etapova ekvivalence. Necht M = (£,Q,R,q0,A) a M' = (%,Q", R, q,A")
jsou dva redukéni automaty. Mezi mnozinami stavi obou automatt definujeme
relaci ~ takto: ¢ ~ ¢’, jestlize pro libovolné slovo w € ¥* U X*e a libovolnou
operaci s € R a pro libovolné s’ € Q' platf nasledujici implikace:

A(g,w) =s ,
i , = s=s
Alg,w) =s

Pokud M = M’, pak relace ~ je ekvivalenci na mnoziné stavii Q automatu M.
Automaty, jejichz poc¢atecni stavy jsou v relaci ~, budeme nazyvat etapové ekviva-
lentni.

Redukovanost. Automat M je redukovany, jestlize viechny jeho stavy jsou
dosazitelné a zddné dva jeho rtizné stavy nejsou ekvivalentni. Automat M’ nazveme
reduktem automatu M, jestlize M’ je etapové ekvivalentni s M a M’ je redukovany.

Véta 3.2. K libovolnému redukénimu automatu lze sestrojit jeho redukt.

Diikaz. K redukénimu automatu M = (%, Q, R, qo, A) sestrojime jeho redukt M’ =
(2,Q', R, qo,A"). Diky vété 3.1 miizeme bez ijmy na obecnosti piedpokladat, Ze
kazdy stav automatu M je dosazitelny.

Jak jsme si jiz fekli diive, na redukéni automat se muzeme divat jako na Mo-
oreuv stroj A doplnény o moznost redukovat vstupni slovo. Mnozinou stavt tohoto
stroje je mnozina @ v8ech stavu M. Pfechodova funkce redukéniho automatu spolu
s mnozinou operaci vede ihned k pfechodové funkci § a znackovaci funkci p stroje

A:

5(s, ) A(s,a), jestlize s€ Q\ Raa¢€XU{e},
s,a) = T
S, jestlize s € Raa € X U{e},

qo, jestlize s € Q\ R,
w(s) = s
s, Jestlize s € R.

K takto definovanému Mooreovu stroji sestrojime jeho redukt A’ s pfechodovou
funkci 6’ a znackovaci funkei i/ a od reduktu A’ prejdeme zpét k redukénimu
automatu M’. MnoZina jeho stavii Q' je tvofena pravé viemi stavy stroje A’.
Mnozinu jeho operaci R’ tvoii hodnoty znackovaci funkce ' ve vsech stavech s
stroje A’ az na hodnotu go. Pfechodovou funkci A’ definujeme pro kazdou dvojici
(g,a) € (Q"\ R") x (X U{e}) takto:

s, jestlize s = ¢’ (q,a) a ' (s) = qo,
A(ga)y=4" 1 ,( ) M/( o
u'(s), Jestlize s =98 (q,a) a u'(s) # qo.



Pocatecnim stavem automatu M’ je stav s stroje A’, ktery je v relaci ~ se stavem
qo stroje A. Protoze A’ je redukt stroje A, je takovy stav pravé jeden.

Fakt, ze M’ je reduktem automatu M plyne piimo z jeho konstrukce a z teorie
Mooreovych stroju. O

Isomorfismus. Rikime, ze redukénf automaty M = (2,Q, R, qo,A) a M' =

(2,Q', R, qo, A’) jsou isomorfni, jestlize R = R’ a pro n&jaké zobrazen{ h : Q —

Q' plati zaroven, ze h je bijekce, h je identita na mnoziné operaci R a pro kazdé

g€Q\R,s€QaacXU{e}je Ay(g,a)=s, pravé kdyz Ay (h(q),a) = h(s).
7 teorie Mooreovych stroju prevezmeme bez dukazu nésledujici vétu:

Véta 3.3. Libovolné dva redukty téhoZz redukéniho automatu jsou isomorfni.

Véta 3.4. Zddny redukcéni automat nemd méné stavi nez jeho redukt.

Diikaz. Pro dukaz sporem piedpoklddejme, ze automat M = (X, Q, R, qo, A) mé
méné stavii nez jeho redukt M’ = (%, Q’, R', ¢, A’). Necht h: Q' — Q je defino-
vané takto: h(q’') = g, jestlize ¢’ ~ g. Potom ale pro n&jakd dvé rtiznd q1, ¢2 € Q'
plati, ze h(qi) = h(q2) = g, takze ¢1 ~ g2, coz je spor s redukovanosti automatu
M. O

4 Zavérecna poznamka

Predchozi sekce ukdzala jisté pékné vlastnosti redukénich automatu. O dalsich
vlastnostech red-automatu dulezitych pro lokalizaci syntaktickych chyb se ¢tenar
bude moci docist v pripravované dizertaéni praci prvého autora. Zvlasté upo-
zorfiujeme na pojem stromu vypoctu, ktery charakterizuje vypocty mon-red-auto-
matu. Tyto stromy se svoji formou velmi blizi zdvislostnim stromum, které zndme
z matematické lingvistiky.
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1 Motivation

Several internet/intranet information systems built on top of relational databases have
been the motivation for the development of the data and document description lan-
guage presented here. Already some quite common Internet presentations have raised
the problem of keeping the web of presentation pages permanently consistent with the
underlying — quite often changing and expanding — data structures. Nonetheless, the
real need for a suitable formal description of presentation documents came with two
R&D projects — the older HyperMeData one (CP 94-0943, [1]), and the recent MeD-
iMed one. The aim of HyperMeData was to build an environment for mutual data
exchange between independent hospital information systems allowing authorised
users to browse and view the interchanged data. The task of MeDiMed is to build a
hypermedia atlas of annotated medical images serving to research and university-level
education. In all these cases, the data in question is organised in relational databases,
mostly in large volumes, and the common requirement is to transform it in some sys-
tematic way into hypertext/media presentation documents.

In the following text we shall illustrate the problem on a running example, identify
the integration interfaces, and present a solution — the DDL language that was de-
signed and implemented to support integration of relational data structures and
presentation hyperdocuments by defining transformational relationships among data
and document instances based on the description of the respective (data, document)
schemas.

2 Running Example

Let us first consider an example of a very simple relational data schema of a school
storing basic information about people, university workplaces, and addresses together



with a few relationships between them capturing the hierarchy of workplaces, work-
place addresses, people at the workplaces, and headpersons of the workplaces. The
schema consists of entities (bearing content, or descriptive information in their in-
stances) and associations (bearing relational, or binding information in their instanc-
es), and may be expressed as a diagram consisting of specific construction elements —
rectangles (representing entities) and diamonds (representing relationships) together
with the respective joins between pairs of them, as shown in Fig. 1.

__ F"' _____
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Fig. 1. Running example: The data schema.

Let's then suppose that the hypertext (or, more generally, hypermedia) presenta-
tion document built on top of the above data schema is expected to provide a more
detailed (specialized) view at the data, namely, to differentiate between faculties and
departments (both ISA university workplaces). The document schema consists of
sections (content bearing, descriptive) and references (linking, or binding) and, again,
may be expressed as a diagram — this time constructed of rectangles with headings
(sections) and double-diamonds (references), as illustrated in Fig. 2.
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Fig. 2. Running example: The document schema.




Additionally to the running example data schema diagram, the joins in the document
schema diagram are of two types, thus differentiating between ISA relationships (full
lines with arrows) and referential relationships (dashed lines). Let's remark that the
ISA relationships exist in data schemas as well — just the example used in this paper
does not utilise them.

3 The Integration Problems

The integration task, as illustrated on the above example, covers two sets of problems:
1. the problem of transforming data organised by one schema (data schema) to
data organised by another schema (document schema);
2. the problem of presenting data organised by a document schema to the user.

The former problem has been dealt with within the HyperMeData project men-
tioned above in the motivation part. The results of the project included design and
implementation of a language called DDL (Data Description Language) that enables
to describe formally various data schemas and, based on this description, also the
transformations defining conversions of data instances between pairs of these sche-
mas. In the next section 4, a natural extension to the language will be overviewed
enabling to describe also hypertext/media documents and transformations of data
instances between a data schema and a document schema. This extension builds on
the analogy between relational data structures and hyperdocument structures, and
fully utilises the principles of data transformations defined in DDL for pairs of data
schemas.

A possible solution to the latter problem is proposed in section 5: a presentation
document (for instance: a collection of Internet web pages) builds on the definitions
of the two object types — section and reference — of the hyperdocument schema, aim-
ing at the provision of a full variety of cross-linked information to the user.

4 DDL: Data, Documents, Transformations

The DDL language uses declarative descriptions for data schemas (entities, ISA enti-
ties, simple associations, complex associations) and document schemas (sections, ISA
sections, simple references, complex references), and functional expressions for con-
straints inside the schemas and also rules defining transformations of data instances
between pairs of the schemas. Functional data expressions are evaluated over a sche-
ma instance, and are based on a functional language (see e.g. [4]). Besides common
functions and operators for numeric arithmetics and list processing, the language
defines several special operators for accessing data in schema instances, namely,
operators '+>' or '—>' providing for a particular instance of an entity figuring in a bina-
ry association the list of all instances of the associated entity, or the first element of
that list, respectively.

4.1 Data Definition

The data definition part of the DDL language has been described in detail in [5] and
also briefly overviewed in [2]. Here we shall only demonstrate its use on our running



example (prefixes PK_ and FK_ are used to denote primary and foreign keys, respec-
tively):
DATA School

ENTITY Person
HAS PK_Person: integer; Surname: char[30]; Name: char[15];
TitleA: char[15]; TitleB: char[10]; Street:..;
Number:..; Zip:..; City:..; Phone:..; Fax:..; Email:..;
KEY PK_Person; UNDER PK_Person<>null; Surname<>"""; END
ENTITY UniWorkpl
HAS PK_UniWorkpl:..; FK_HeadWorkpl:..; FK_Address:..;
FK_HeadPers:..; Name:..; Profile:..; KEY .. END

ENTITY Address
HAS PK_Address:..; Street:..; Number:..; Zip:..; City:..;
KEY .. END

ASSOC HeadWorkpl
CONN sub: UniWpl[0,*], super: UniWpl[O0,1]
WHEN sub.FK_HeadWorkpl==super.PK_UniWorkpl; END

ASSOC UniWpl_Pers HAS FK_UniWorkpl:..; FK_Person:..; Func:..;
CONN  UniWpl[1,*], Person[1,*]
WHEN FK_UniWorkpl==PK_UniWorkpl AND FK_Person==PK_Person;
KEY FK_UniWorkpl, FK_Person; END

ASSOC UniWpl_Addr CONN UniWpl[O,*], Address[1,1] WHEN .. END
ASSOC HeadPers CONN UniWpl[O,*], Person[1,1] WHEN .. END
END School;

4.2 Document Definition

Similarly to data definition, in its document definition part the DDL combines fea-
tures of three levels of modelling: conceptual (description of sections, roles, refer-
ences, complex data types, etc.), logical (a set of instances — data tuples — corresponds
to every conceptual object having attributes), and intensional (constraints specify how
conceptual objects correspond to logical sets of tuples).

The language differentiates two document object types — section and reference:

SECTION section_name

HAS <attributes declarations — names, labels, and types>
ISA ancestor_section_name WHEN <ISA condition>
KEY <key attributes qualifications>
UNIQ <unique attributes qualifications>
UNDER  <constraining condition>
LINE <link page attributes qualifications>
INATR <internal attributes qualifications>
END
REFER reference_name
HAS <attributes declarations — names, labels, and types>

CONN <connected sections declarations — names, labels, cardinalities,



and SELF qualifications>
WHEN <connection condition>

KEY <key attributes qualifications>

UNIQ <unique attributes qualifications>

UNDER  <constraining condition>

LINE <link page attributes qualifications>

INATR <internal attributes qualifications>
END

Besides all attribute declarations, the declaration of a section contains constraints
defining properties of the conforming instances of this type (UNDER), and an option-
al ISA clause defining section hierarchy relationships and the inheritance of attributes.
Additional clauses (LINE, INATR) are purely related to the presentation form, as
discussed further in section 5. Reference is an object type defining relationships
among sections, the instances being tuples of instances of section types. The declara-
tion contains referential predicate specifying which tuples of sections are the ele-
ments of the reference (WHEN), constraints defining the properties of the conforming
instances (UNDER), cardinality constraints, and a list of attributes in case of a com-
plex reference. Additional clauses (LINE, INATR, SELF) again purely concern the
presentation form of the document, and are discussed in section 5.

Using DDL, the running example is described as:

DOCUMENT School$''School XYZ'$'School"

SECTION Person$'"People at the School"$"People"

HAS PersonCode: integer; PersonName: char[75];
StreetNumber$"Address': char[31]; ZipCity:..;
Phone$"'Telephone':..; Fax$"Fax":..; Email$"E-mail':..;

KEY PersonCode; INATR PersonCode; LINE PersonName; END

SECTION Workplace
HAS WplCode:..; Descr:..; KEY WplCode; INATR WplCode; END

SECTION Faculty$'Faculties at the School"$"Faculties"
HAS FacCode:..; FacName:..; FK_FacAddr:..;
ISA Workplace WHEN FacCode==WplCode;
KEY FacCode; INATR FacCode, FK _FacAddr; LINE FacName; END

SECTION Department$”List of Departments'$"Departments”
HAS DeptCode:..; DeptName:..; FK_DeptAddr:..;
FK_Fac:..; FK_HeadDept:..; FK_Head:..;
I1SA Workplace WHEN DeptCode==WplCode;
INATR DeptCode, FK_DeptAddr, FK_Fac, FK_HeadDept, FK_Head;
KEY DeptCode; LINE DeptName; UNDER DeptCode<>null; END

SECTION Address$'List of Addresses"$"Addresses"

HAS AddrCode:..; StreetNumber:..; ZipCity:..; KEY .. END
REFER Fac_Addr CONN .. WHEN .. END
REFER Dept_Addr CONN .. WHEN .. END

REFER Fac_Head HAS Facld:..; Personld:..;
CONN Faculty$"Academic functions"[0,*],
Person$"Faculty management'[1,1]
WHEN Facld==FacCode AND PersonlD==PersonCode;



KEY Facld, Personld; INATR Facld, Personld; END
REFER Fac_Dept CONN .. WHEN .. END

REFER Head_Dept CONN .. WHEN .. END

REFER Dept_Head
CONN Department$'Heading departments'[0,*],
Person$"Department head"[1,1] WHEN .. END

REFER Fac_Pers HAS Facld:..; Personld:..;
CONN Faculty$"Member of faculties"[1,*],
SELF Person$"People at the faculty"[1,*] WHEN .. END

REFER Dept_Pers
HAS Deptld:..; Personld:..; Position$"Position':..;
CONN Department$'Working at departments"[1,*],
Person$"Employees'"[1,*] WHEN .. END

END School;

4.3 Data-Document Transformations

In general, transformation is a process of creating an instance of a target (data or
document) schema from an instance of a source (data) schema, i.e., of creating lists of
instances of target schema objects (entities and associations, or sections and refer-
ences, respectively) from lists of instances of source schema objects (entities and
associations). The transformation process is driven by transformation rules that de-
compose the transformation into blocks describing the way instances of one target
object are constructed from instances of one or more source object(s) — see [5] (or the
overview in [2]) for more detail.

In data-document transformations, the target objects are document sections or
complex references, and the source objects are data entities or complex associations.
In the running example, the transformation from School data schema to SchoolDoc
document schema is defined as follows (‘++" is a string concatenation operator):

FUNC getStrLink (strl, str2: string): string
{ if trim(strl)=="" and trim(str2)==""" then """ else ", "; }

FUNC getSupWpl (wpl: TYPEOF UniWorkpl): TYPEOF UniWorkpl
{ (super JOIN HeadWorkpl | sub = wpl); }

FUNC getTopWpl (wpl: TYPEOF UniWorkpl): TYPEOF UniWorkpl
{ if getSupWpl(wpl)==null then wpl
else getTopWpl(getSupWpl(wpl)); }

TRANSF SchoolDoc <- School

BUILD Person <- Person
ASGN PersonCode:= gen_id(); PersonName:= trim(trim(Surname)
++" "++trim(Name))++getStrLink(TitleA,TitleB)++
trim(trim(TitleA)++" "++trim(TitleB)); StreetNumber:=
trim(trim(Street)++" "++trim(Number)); ZipCity:=.;
Phone:=..; Fax:=..; Email:=.; END
BUILD Workplace <- UniWorkpl
ASGN WplCode:= gen_id(); Descr:=..; END



BUILD Faculty <- UniWorkpl
WHEN getSupWpl (UniWorkpl)==null;
ASCGN FacCode:= gen_FK(Workplace,UniWorkpl); FacName:=..;
FK_FacAddr:= gen_fk(->UniWpl_Addr); END
BUILD Department <- UniWorkpl
LET supWpl := getSupWpl(UniWorkpl) WHEN supWpl<>null;
ASGN DeptCode:= gen_FK(Workplace,UniWorkpl); DeptName:=..;
FK_DeptAddr:= gen_fk(->UniWpl_Addr); FK _Fac:=
gen_FK(Faculty,getTopWpl (UniWorkpl)); FK_HeadDept:=
gen_FK(Department,supWpl); FK Head:=
gen_fk(->HeadPers); END
BUILD Address <- Address
ASGN AddrCode:= gen_id(); StreetNumber:=.; ZipCity:=..; END

BUILD Fac_Head <- UniWorkpl
ASGN Facld:= gen_FK(Faculty,UniWorkpl); Personld:
gen_fk(->HeadPers); END

BUILD Fac_Pers <- UniWpl_Pers
WHEN getSupWpl(UniWorkpl)==null;
ASGN Facld:= gen_FK(Faculty,UniWorkpl); Personld:
gen_fTk(Person); END
BUILD Dept_Pers <- UniWpl_Pers
WHEN getSupWpl(UniWorkpl)<>null;
ASGN Deptld:= gen_FK(Department,UniWorkpl); Personld:=
gen_fk(Person); Position:=..; END

END SchoolDoc;

5 Presentation Hyperdocument

The user presentation hyperdocument based on the DDL definition allows browsing
and viewing instances of the document schema — both the structure of the schema and
the instances of individual schema objects (sections and references). The DDL docu-
ment description therefore contains the minimum information needed for the presen-
tation purposes: labels of schemas, objects, and attributes, the former two both in full
and shortened versions.

The resulting hypertext or hypermedia presentation (for instance, a set of cross-
linked WWW pages) then consists of:

— the index (or map) page;

— the information pages, either related to section objects or to section object
instances; and

— the link (or reference) pages related to section objects.

The index page is unique within the document, showing the document structure as
a collection of all section objects — or, more exactly, collection of hyperlinks to link or
information pages of individual section objects. The collection may either be in form
of a list (as shown in Fig. 3) or in form of some other, more sophisticated structure
(e.g., a graph with nodes representing the sections and the references, and edges rep-
resenting the interconnections). If presented in the list form the information ordering



on the index page may build on the proper DDL definition (implicit ordering), or on
some more sophisticated (explicit) ordering specifically defined in a separate format-
ting description enhancing the DDL definition. In the former case, section object full
labels are used, either ordered alphabetically or by the succession of object definitions
in DDL, possibly nested level by level according to the partial ordering that can be
automatically derived from the document schema structure. In the running example
the simple text form of the index page would be that of Fig. 3 (successively ordered
by DDL definitions).

Note: The following notation is used in Fig. 3—-Fig. 5: [PersonName] stands for the
PersonName attribute value, <>School XYZ<idxPg> means a hyperlink to the index
page labelled School XYZ, <Department infPg by Dept_Pers> means a hyperlink to
the Department instance information page as defined by the reference Dept_Pers, etc.

School XYZ

Page Index
e <>People at the School<Person InkPg>
e <>Faculties at the School<Faculty InkPg>
e <>List of Departments<Department InkPg>
e <>List of Addresses<Address infPg>

Fig. 3. A simple document index page.

From the index page list, a reduced version — reduced index page list — is derived
to be included in all information and link pages (see further) to provide for easier
orientation and hypertext navigation. Object short labels are used here to label the
hyperlinks to the respective link or information pages. By default, the reduced index
page list includes hyperlinks to all document section objects. In a more sophisticated
case — building on partial ordering of the document objects — only hyperlinks to the
highest level objects are included: each of them, when activated by a mouse-click,
besides navigating to the respective link or information page, also out-rolls the sub-
list of next level objects related by DDL references.

The information pages exist for all section objects — either for any individual in-
stance of a particular section object (in the 1 : 1 sense), or for the section object as a
whole (in the 1 : m sense uniting all instances in one presentation page) depending on
whether the LINE clause is present or not in the respective DDL definition: if the
LINE section is omitted only one information page is generated into the resulting
document for that section object containing the complete collection of object instanc-
es chained into one list. The information page shows the series of all attributes (labels
and values) of the respective section object instance or instances — together with all
relevant hyperlinks, namely:

— hyperlink to the document index page;
— hyperlink to the respective link page (if there is any);
— hyperlinks to all information pages related by DDL reference definitions.




School XYZ — [PersonName]

<>People at the School<Person InkPg>

People
e <>Faculties
<Faculty [PersonName]
InkPg> Address: [StreetNumber]
e <>Departments [ZipCity]
<Department Telephone: [Phone]
InkPg> Fax: [Fax]
e <>Addresses E-mail: [Email]
<Address
infPg>
S Academic functions:
<>[FacName]<Faculty infPg by Fac_Head>
<>[FacName]<Faculty infPg by Fac_Head>
e <>School ---
<idxPg>

Heading departments:
<>[DeptName]<Department infPg by Dept Head>
<>[DeptName]<Department infPg by Dept_Head>

Member of faculties:
<>[FacName]<Faculty infPg by Fac_Pers>
<>[FacName]<Faculty infPg by Fac_Pers>

Working at departments:
<>[DeptName]<Department infPg by Dept_Pers>
Position: [Position]
<>[DeptName]<Department infPg by Dept_Pers>
Position: [Position]

Fig. 4. Instance information page.

Similarly to the index page case, the ordering in the attribute section of an infor-
mation page may be either implicit or explicit one, i.e. either may build on the DDL
definition (a simple alphabetical list of attribute labels or a list ordered in accordance
with the succession of attribute definitions in DDL), or may follow some other order-
ing rules defined in an attached formatting description. The attribute labels are speci-
fied in DDL section object definitions: if being empty no label for the respective val-
ue is output on the presentation page, if the attribute is included in the INATR clause
neither the value is output (the INATR attributes are purely internal ones, exclusively
serving to identification & hyperlink navigation). The Person instance information
page of the running example is illustrated in Fig. 4.

The index page hyperlink is uniformly placed on all information pages as well as a
hyperlink to the respective link page provided the link page exists: if the LINE clause
is not included in the DDL definition of this object it means that the object link page




is identical with the object information page hence the self-referential hyperlink (lead-
ing from the information page to the link one) is omitted; a similar unification of
object link page and object information page is done if section object cardinality
equals 1. In both these cases also the hyperlink from index page goes directly to the
object information page rather than to the link one.

The hyperlinks to other information pages related by DDL reference definitions
are attached to the values of attributes realizing the references. In case of m : 1 refer-
ences the hyperlinks are attached to the section instance own attributes while for each
m : n reference, a separate reference block is generated containing multiple hyperlinks
as defined by the respective LINE clause. If the LINE clause is missing the attribute
labels and values of the referred section instance(s) are directly included into the re-
ferring information page instead of the hyperlinks. Should the reference block be
placed on a separate page a SELF clause is used in the DDL definition of the refer-
ence. In case of complex references the reference own attributes are attached to the
hyperlinks (see Fig. 4) or to the directly included attributes.

School XYZ

People People at the School

e <>Faculties e <>[PersonName]<Person infPg>
<Faculty e <>[PersonName]<Person infPg>
InkPg>

e <>Departments
<Department
InkPg>

e <>Addresses
<Address
infPg>

e <>School
<idxPg>

Fig. 5. Object link page.

The link pages only exist for document section objects having the LINE clauses
included in their DDL definitions — one link page per object. The link page is named
by the long label of the respective object (or by its proper name if the long label is
missing), and shows the list of all instances of the object — or, more exactly, list of
hyperlinks to the relevant information pages — together with the hyperlink to the doc-
ument index page. If the object cardinality exceeds a given system limit, an instance
search mechanism is output on the link page rather than the complete instance list.

Unlike the previous two cases, the ordering on the link page is derived from at-
tribute values (intensional data) rather than attribute labels (extensional DDL defini-
tion), and the attributes in question are those specified in the LINE clause. The order-
ing may either be the implicit one, ie. a simple alphabeti-




cal/alphanumerical/numerical ordering depending on attribute type, or be explicitly
stated in an attached formatting description.

As mentioned earlier, the link page is omitted (a possible LINE clause in the DDL
definition being ignored) if the respective section object cardinality (number of in-
stances) equals 1 — in this case the index page directly refers to the only information
page available. In our running example, the link page for Person (and similarly for
Department) looks as in Fig. 5.

6 Directions for Future Work

The basic characteristics of a data & document description language called DDL have
been overviewed in the previous sections. The document description and presentation
aspects of the language have been focused on, and demonstrated on a simple illustra-
tive example.

The language has been implemented and used to support transformations and hy-
permedia presentations of relational data structures in the medical domain. From
a semi-routine use of the language it turned up that producing transformation descrip-
tions (of either data-data or data-document transformations) is a most laborious task
requiring (to be at all manageable) some supportive means. This is where current
considerations on the given topic are being orientated raising a series of interesting
questions that had to remain outside the scope of this paper. For all, let's mention the
proposal of a series of meta-transformations covering typical schematic heterogenei-
ties in multidatabases, as discussed recently in [3].

The author wishes to thank the CZ Ministry of Education for providing funding —
within the CEZ:J07/98:143300004 research plan Digital Libraries — that supports
work on the topics discussed or mentioned here, both at theoretical and application
levels.
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Abstract

A rapid development in recent technologies for information systems enables us
to store, retrieve and process data in a relatively convenient manner. Anyway,
especially when dealing with huge amounts of high-dimensional data (e.g. pictures
or spatial maps stored in large image databases) we are facing a lot of - sometimes
mutually contradicting - requirements. In particular, these requirements refer to a
quick and reliable but robust information storage and retrieval. Also, tools for an
easy but dynamical knowledge extraction and management should be provided for
the system. Let us consider e.g. a large image database with an efficient search-
engine. Furthermore, we would sure appreciate such a kind of search-engine that
would be able to ”follow our kind of querying” and that could retrieve adaptively
the correct data also for previously vague, incorrect or incomplete queries.

From this point of view, we will discuss in this paper the abilities of various
known models based on self-organization. These models comprise the standard
Kohonen model of Self-Organizing feature Maps - SOMs - and its modification
which defines the current network topology dynamically as the minimum spanning
tree over the neurons. The other two examined models - namely the so-called
Tree-Structured Self-Organizing feature Map (TS-SOM) and the Multi-Layer Self-
Organizing Feature Map (MLSOFM) - employ a hierarchical structure. The first
model represents in the clustering process a quicker top-down approach, whereas
the second one corresponds to a bottom-up strategy yielding in general more reli-
able results. Result of supporting experiments performed so far with large sets of
images will be discussed here in more detail, too.
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1 Introduction

The emerging progress in the development of new technologies allows to process effi-
ciently huge amounts of data. Anyway, in order to develop an “intelligent” search-engine
over a large database of bitmap pictures we would like to process not only very specific
and precisely defined queries, but also requests for groups of pictures with some common
properties, that could be stated pretty vague. Using for this purpose e.g. the main idea
of full-text search-engines, we would associate every picture in our database with a short
textual description of its contents. Then, the search-engine can then perform a search
over these descriptions in a full-text mode, using the keywords presented by the user.

However, such a system cannot build the database automatically from raw data
— before storing it, the data has to be preprocessed. Moreover, for large databases of
arbitrary images it is often difficult to transform natural queries into a very specific form
which could be processed by a computer. One way how to get along this problem is to
develop a suitable structure for organizing the documents in the database, and find the
desired documents in an iterative search/query process. Here arises a new problem: How
to organize the database of documents? A possible technique for solving this task could
be to use vector quantization (self organizing maps) or one of its numerous modifications.

For this purpose, each image (document) should be described by some means that
can be automatically computed from the given picture and correspond with the graph-
ical nature of the documents. An example for such means are colour histograms or
mathematical descriptions of textures. For each object to be stored in the database,
an array of the considered descriptions forms a feature vector. Certainly, we should be
able to measure the similarity between any two such feature vectors. According to the
degree their mutual similarity, these feature vectors can be arranged automatically in
the database. Now we can build the search-engine such that the searching process will
be iterative and the user could successively locate the requested picture — or group of
pictures — according to similarity between the already exploited pictures (the degree of
their similarity is implicit contained in the structure of the database).

One of the most promising classes of algorithms, that have the ability to automati-
cally build a structure in which the presented vectors are arranged according to a given
similarity measure are the SOM algorithms and their hierarchical versions. In our ex-
periments, we have tested three different SOM-models and two types of topology - one
static and one dynamic. The tested models comprise in particular the basic SOM ,
the TS-SOM model and the ML-SOFM model combined with the static rectangular
topology and with the dynamical spanning tree topology.

The main aim of the basic SOM-algorithm is to spread the neurons in the input
space such that they approximate the input pattern density as closely as possible. The
other tested models incorporate a hierarchical structure into the basic model. In both
cases the network consists of multiple layers. Each layer is a basic SOM-network. The
TS-SOM model represents a top-down approach whereas the ML-SOFM represents a
bottom-down approach. In the TS-SOM model there exists a mapping defined between
layers. This mapping restricts the set of neurons among which the winner neuron is



looked for. This way the output of the network - the winner neuron in the bottom layer
can be found faster. The basic idea of the ML-SOFM model is even simpler. The input
is presented to the bottom layer and the winner neuron is computed. As the input of
the other layers the position vector of the winner neuron of the previous layer is used.

2 The Basic Self-Organizing Map

In the standard model of Self-Organizing Maps (SOM) [2], the set of all N neurons
is arranged in a two-dimensional rectangular lattice. Each neuron i(1 < i < N) is
associated with a weight vector mi; of the same dimension as the input space m; =
[mi1, Mg, ..., min] € R™.  Further, let we have the training set X = {#, : &, =
[€p1,&p2,s - &pn] € R™,0 < p < oo}. Assumed that we have a metric p defined over
R"™ we say, that the neuron c is the winning neuron if ¢ = argmin;en{p(mi, @)}, i.e.
if the weight vector of the neuron ¢ has the smallest distance from # according to the
metric p — often chosen as the Euclidean distance. For any presented input only a single
neuron - the best representant of the presented input pattern will be active. During
training, the SOM-algorithm adjusts iteratively the weights of the winning neuron and
its neighbours towards the presented input patterns from the training set.

The learning algorithm for the basic SOM :

1. Initialize the parameters of the SOM learning algorithm, by setting
the size of the network, the number of iterations, learning rates and
neighbourhood function.

2. Initialize the weight vectors of the neurons in the network randomly
3. Present a pattern ¥ € X from the training set.
4. For every neuron n € N compute the distance of its weight vector i,
to the pattern 7.
5. Select the winning neuron c as the neuron j € N with the minimum
distance p(m;, &)
¢ = argminen{p(m;, @)}

6. Adjust the weight vectors of all neurons i € N according to the
formula

m(t + 1) = m;(t) + he(i, O)[Z(t) — m;(t)]

where t =0,1,2,... is the discrete time coordinate and h.(i,t) is the
neighbourhood function.

7. If the maximum number of iterations is not achieved go to Step 3.

The function h. is a function of distance of neuron 4 from the winning neuron ¢ and

time: 0
) a(t), 1€ N;
he(i;t) = { 0, iéN,



where a corresponds to the learning-rate (0 < a(t) < 1). N, defines rectangular neigh-
bourhood (usually decreasing in time) over the set of neurons centered at neuron c.
Usually training proceeds in two phases. During the first phase, the size of the neigh-
bourhood and the elasticity of the network (i.e. its learning rates) are relatively high.
With their decrease in time, an initial arrangement of neurons is formed. The second
phase, which is usually longer than the first one, attains the fine tuning of approxima-
tion. After the ordering phase the learning rate and size of the neighbourhood should
stay small. Setting of a sufficient number of iterations is important for the convergence
of the network.

The above discussed properties of the standard SOM comprise their ability to reduce
the dimensionality of input data by mapping them onto a less-dimensional lattice of
neurons. This mapping often preserves the topology of the original data, which ensures
that the structure of the data and inter-relationships between them are not lost. The next
advantage is the ability to approximate the probability distribution of the input data,
by allocating neurons such, that the density of them in the given area corresponds to the
density of the input data. This property can be further enhanced by using dynamical
types of topology which can be defined e.g. as minimum spanning tree [2]. Numerous
application areas of SOMs include e.g. computer visualization, data mining, computer
vision, image processing, databases or speech recognition. Their main limitations refer
to their relatively high computational costs (necessary to find the winning neuron).

3 Hierarchical SOM-models

In many problems, the data embody a hierarchical structure. In order to incorporate
a kind of hierarchy into the basic SOM model we could use not only a single lattice
of neurons but arrange multiple SOMs in several layers forming a hierarchy. Except
the ability to represent data at multiple levels of abstraction, other improvements of the
basic SOM algorithm can be achieved, such as reduction of the size of the set in which the
winning neuron is looked for. In this paper, we will examine two variants of hierarchical
SOMs — the so-called Tree-Structured SOM and Multi-Layer Self-Organizing Feature
Map.

3.1 Tree-Structures Self-Organizing Maps (TS-SOM)

In TS-SOM, the neurons are arranged in a finite number of layers. Each layer is a basic
two-dimensional SOM. The first layer consists of a single neuron. From each but the
deepest layer i a mapping Z; to the following layer is defined - each neuron from the
previous layer is mapped on a set of neurons in the next layer. There is one common
definition of Z; which we will describe here. Let us assume to have a constant d and each
layer has a simple rectangular topology. When layer j is a (k ® k) lattice, the following
layer will be a (dk ® dk) lattice and the neuron n from the layer j with the coordinates
[z,y], (x € {0,1,...,k—1},y € {0,1,..,k—1}) will be mapped on a "rectangle” of neurons
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Figure 1: (a) A TS-SOM with the 2D-rectangular topology (b) A MLSOFM with the
2D-rectangular topology

from the next layer which will have the following coordinates:

Zj(n[x,y]) = {m[dx+o,dy+p] 1o0,pE {0, 1,..,d- 1}}

where n, ) is a neuron with the coordinates [z,y],» € {0,1,..,k—1},y € {0,1,..,k—1}
in the layer j and mj, ) is a neuron with the coordinates [a,b],a € {0,1,..,dk — 1},b €
{0,1,..,dk — 1} in the layer j + 1.

The TS-SOM learning algorithm uses a modification of the basic SOM learning
algorithm. Assume we have the training set X € R", the metric p defined over the input
space I € R™ and z is the number of layers in the TS-SOM. Let us define ¢;,i € 1,2, ..., 2
as the winning neuron of layer i. For each input vector z(t) the T'S-SOM learning
algorithm adjusts neurons in all layers. It starts at the top layer and proceeds deeper.
In each layer it uses the basic SOM learning algorithm with a new algorithm for selecting
the winning neuron. Winning neuron of each but the top layer is selected according to
the winning neuron from previous layer. At first a set of neurons is computed, such
that it is the union of images (according to the mapping Z) of all neurons from the
neighbourhood of the winning neuron of the preceding layer. The winning neuron of the
current layer is then selected from this set according to the same rules as in the basic
SOM algorithm.

The learning algorithm for TS-SOM :



1. Initialize the parameters of the TS-SOM learning algorithm - set the
number of layers, size of each layer, the mapping between layers,
number of iterations, learning rates and the neighbourhood function.

2. Initialize the weight vectors of the neurons in all layers randomly
3. Present a pattern ¥ € X from the training set.
4. For each layer i of the network (:=0,1,2,...,2) do

(a) if ¢ = 0 then S contains a single neuron of the top layer, else
let us define a set Y, of neurons as the image of neuron u from
layer ¢ — 1 according to the mapping Z;_i(u). Then, the set of
neurons S corresponds to S = {UOENUi—l Y,}, where N, , is the
neighbourhood of the winning neuron ¢;_, from the layer ¢ —1.

(b) For every neuron n € S compute the distance of its
weight vector m, from the vector Z.

(c) Set the winning neuron of the layer ¢, ¢;, as the neuron with
the minimum distance:

¢i = argming{p(Z,my) : n € S}

where mi, is the weight vector of neuron n
(d) Adjust the weights of all neurons in the layer ¢ according to
the following formula

1 (t + 1) = 1 (t) + he(i, O)[Z(8) —m;(2)]

where t = 0,1,2,... 1is the discrete time coordinate and h.(j,t)
is the neighbourhood function.

5. If the maximum number of iterations is not achieved go to Step 3.

Successfully, the TS-SOM-model was applied in the image retrieval system PicSOM
developed by Laaksonen, et al. [5], [4]. The PicSOM provides a kind of iterative search
engine over a database of 4350 pictures (aircrafts, building and human faces). For each
stored picture, a set of feature vectors is computed [6] — average colour components
and texture characteristics. For each query, a set of “similar” images (from the image
collection) is presented to the user. From them, the user selects those — from his point
of view — most similar images. Then, the value of the neurons in all layers which
correspond to the feature vector of the selected image are increased. Similarly when the
user rejects an image the value of the corresponding neurons is decreased. The mutual
relationships of positively evaluated neurons that are located nearby is further enhanced
by convolving each layer of neurons by a low-pass filter after each query. This way,
similar images should be located close to this image in the SOM and they should also
be presented to the user. A similar strategy was also adopted in the WEBSOM-system
[1], [2] designed for storing text documents.



3.2 Multi-Layer Self-Organizing Feature Maps (MLSOFM)

A Multi-Layer Self-Organizing Feature Map (MLSOFM) [3] consists of multiple layers,
each of one corresponds to the basic SOM-model. The bottom layer is the largest one
and as we proceed up to higher layers their number of neurons decreases. The top
layer usually consists of a single neuron. Unlike the TS-SOM learning algorithm, which
follows the top-down approach, the MLSOFM learning algorithm starts the adaptation
process in the bottom layer and proceeds successively to higher layers. Only the bottom
layer of MLSOFM is connected directly to the input vector via weighted connections.
The inputs of higher layers are the outputs of their preceding layer. In this way a
kind of hierarchical clustering is formed, where each but the bottom layer computes a
”clustering of clusters” of the lower layer. The input for the bottom layer is the vector
Z and the input for other layers is the weight vector of the winning neuron from the
lower layer. Therefore, it is necessary for a successful MLSOFM-training first to adjust
the weight vectors at the bottom layer, and then — after their stabilizing —to proceed to
higher layers.

The learning algorithm of the MLSOFM :

1. Initialize the parameters of the MLSOFM learning algorithm, by
setting the number of layers, size of each layer, the number of
iterations, learning rates and the neighbourhood function.

2. Initialize the weight vectors of the neurons in all layers randomly

3. Set the presented pattern ¥ from the training set to 4.

4. For each layer i=1,2,...,z do (note that layer number one is the
bottom layer - the largest layer unlike in the TS-SOM algorithm):

(a) Use the vector y; as the input of layer ¢.

(b) For every neuron m in layer ¢ compute the distance of its weight
vector m, from the vector y;.

(c) Set the winning neuron of the layer ¢, c¢;, as the neuron with the
minimum distance:

¢ = argming{p(¥i, Myn) : n € S}

where mi, is the weight vector of neuron n

(d) Assign the value of the weight vector mi. of the winning neuron
¢; of layer i to the vector ;1.

(e) Adjust weight vectors of all neurons in the layer i according to
the following formula

(4 1) = mi;(t) + he(d, O[Fi(t) —m;(1)]

where t = 0,1,2,... 1is the discrete time coordinate and h.(j,t)
is the neighbourhood function.



5. If the maximum number of iterations is not achieved go to Step 3.

Koh et al [3] applied the MLSOFM-model to range image segmentation. A range
image is usually formatted as an array of pixels (pixel grey values encode the depths
or the distances of points on a visible scene surface from the range sensor). In this
way, a hierarchy of clusters of range image pixels can be formed. At the bottom layer
small but very homogeneous regions are found. At higher layers, the SOMs ”glued”
smaller regions from preceding layers according to their mutual similarity. Moreover,
the MLSOFM-model proved to overcome some disadvantages of standard vector quanti-
zation techniques. In particular, the regions identified by standard vector quantization
methods are not guaranteed to be spatially connected in terms of image coordinates and
the number of neurons has to be known a priori.

4 Experimental Results

In our experiments, we tested the basic SOM-model and its hierarchical modifications —
TS-SOM and MLSOFM (both of them having five layers). A symmetric square neigh-
bourhood was used in the experiments with the rectangular topology (SOM,TS-SOM
and MLSOFM). In the case of the spanning tree topology (SOM and MLSOFM), sym-
metric neighbourhood (comprising all the neurons within the given distance from the
central neuron) was used as well. For the test, two different databases of bitmap pic-
tures were involved. The first database was created by decomposing a large gray-scale
aerial photograph into 1721 60x60 pixel bitmaps. The second database consisted of
364 colour bitmaps of three different types - photographs of airplanes, undersea pho-
tographs and manga pictures of varying size. Both databases were used for testing all
of the above specified configurations except the TS-SOM with spanning tree topology
(this architecture was tested only for the aerial photograph database).

For each bitmap in both databases, a feature vector was computed in following way:
each bitmap was divided into 9 equally sized areas (3x3 chess-board). For each of these
nine areas two different features were computed, namely an average colour and a texture
descriptor. The average colour of gray-scale bitmaps was described by an single byte,
for the colour bitmaps three bytes were needed - one for each of the red, blue and green
colour components. As a texture descriptor a pixel neighbourhood was used. For each
of the 8 possible neighbouring pixels a probability that the colour intensity of the central
pixel is higher than the colour intensity of the given neighbouring pixel was computed.
This probability was then scaled to the [0 — 255] interval. In this way two training sets
of vectors were created. The size of vectors in the first training set was 81 (for each of
the 9 areas 1 byte for average colour and 8 bytes for texture descriptor - 929 = 81) and
in the second 99 (3 bytes for average colour and 8 bytes for texture descriptor in each
area - 11 %9 = 99).

Four different tests were applied to some of the combinations of configurations and
training sets. Their main purpose was as it follows:

1. evaluate and compare the ability of tested models to develop well structured picture



databases
2. test the robustness — in particular noise resistance — of considered models

3. examine the reliability of the “focused” winner search in TS-SOM (consider various
size of searched neighbourhood)

4. visualize the mapping (relationship) between neurons in the last two layers.

In all test following parameters were used: the nummber of learning cycles was set to
10000, the learning rate factor was defined as 0.05 % (1 —¢/10000) where ¢ is the current
learning cycle and the size of the neighbourhood was defined as 15 — (£/10000) * 15.
In the case of the first training set the size of the input vector was 81, in the case of
the second 99 bytes. The static square topologyused the standard Euklidian metric. In
spanning tree topology, metric was defined as the length of the path between the given
two neurons in the tree defined by the topology.

The first test was aimed on visualization of the distribution of neurons of the given
SOM in the input space. For each layer of the given SOM (we consider that a basic SOM
has a single layer) a image was created. Because two different topologies were involved
in the experiments two different visualization algorithms were used. In both cases all
layers were calibrated with the training set after the adaptation phase finished. Each
neuron was then represented by the bitmap belonging to the vector which the calibration
process assigned to it. Down-scaled versions (100x100 pixels) of the pictures from the
second database were used. In the case of square topology the final image was created
such, that at the position [i*60,j*60] (or [i*100,j*100] when the second training set was
used), the bitmap assigned to the neuron placed at position [i,j] in the lattice of neurons
was pasted. In the experiments with spanning tree topology, the tree of the neurons was
rooted at the first neuron and drawn onto the bitmap such, that each neuron in the tree
was in the final image represented by the bitmap assigned to it.

In the TS-SOM algorithm the neighbourhood is also involved in the process of se-
lection of the winner neuron. Hence the properties of the neighbourhood influence the
performance of the whole algorithm. In our experiments we have used a square neigh-
bourhood. The influence of size of this neighbourhood on the optimality of the winner
neuron in the last(deepest) layer was examined in the second test. For all examples in
the training set following process was performed: At first optimal winner neuron (over
whole layer) was computed for the last layer. Then for each but the last layer a winner
over whole layer was computed (an optimal winner for this layer). Then successively
from each layer the winner selection algorithm of the TS-SOM model, starting with the
optimal winner as the winner in this layer, was executed producing a new winner in
the last layer. 4 values computed in this test indicate the result. The i-th number is
percentile of cases (over the training set) when the winner in the last layer selected by
the execution of the winner algorithm from the i-th layer is the same as the optimal
winner neuron in the last layer.

The visualization of topological relationships (in the input space) between the last
two layers in the TS-SOM model were the aim of the third test. To each neuron in
the 4-th layer a colour is assigned so that similar colours correspond at least partially



with topologically similar neurons. Also neurons in last layer have an colour assigned
in following way: a position vector of the given neuron is forwarded to the 4-th layer an
the winner neuron for this vector is computed. The colour of the winner neuron is then
assigned to the current neuron. As the output two colour images were created. The first
describes the 4-th and the second the 5-th layer. The final images are created such, that
at the position [i * 60, j * 60] a rectangle of the same colour as the colour of the neuron
at position [i, j] in the lattice of neurons is drawn.

The last test examines the ability of the different models to resist noise. This test was
performed only with first database of bitmaps and the basic SOM and TS-SOM model.
For each level of noise a new training set was created such, that the feature vectors
of the new training set were computed from original bitmaps which were altered by a
noise filter of given level. The p percentile noise was .produced. by repeating following
operation [(number of pizels in bitmap) * (p/100)] times: swap two random pixels in
the bitmap. After the adaptation phase of the network was finished, all vectors from
both the original and new training set were presented to the network. The output of the
test for the given level of noise was the percentile of matches, when the original feature
vector and new feature vector computed from the bitmap altered by noise activated the
same winner neuron.

5 Conclusions

In general, the tests affirmed the relevance SOM-based algorithms for the development
of large image databases even though the static topology and a relatively low noise re-
sistance (test 2) represent — at least in our opinion — their main limitation. Anyway,
visualized distribution of neurons in the input space revealed that the tested configura-
tions are able to group the pictures according their mutual similarity (test 1). In the
case of the rectangular topology and the second training set almost homogeneous areas
with single type of pictures were formed in the output images. When the first training
set was used the SOM-models clustered together the map pieces of the sea, land or sand
areas. Also some indication for grouping of settled areas can be found in the output
pictures. On the other hand, although the output pictures for tests with the spanning
tree topology were less descriptive, apparently similar pictures were assigned to the same
branches of the tree.

The last two tests confirmed our assumption that larger neighbourhoods rise the
frequency of finding optimal winner neurons, but we failed in finding a reliable explicit
relationship between the starting layer and the success of the search. Also the visualized
topological relationships between neurons in last two layers (test 4) of the tested T'S-
SOM models reveals that it is in general very difficult to achieve configurations where
the trained SOM-networks in different layers would correspond to the same areas of the
input space. Although most homogeneous areas of input space identified in one layer can
be found also in the second layer, frequently different parts of the lattice are occupying
the same area.
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A Test outputs

Model 5% mnoise | 10% noise | 20% noise
Basic SOM 0.415 0.173 0.073
TSSOM 0.490 0.291 0.197
Basic SOM with STT 0.184 0.225 0.065

Table 1: Results of the robustness test

Training set | Size of neighbourhood | Layer 1 | Layer 2 | Layer 3 | Layer 4
1st 0 0.05812 | 0.05812 | 0.75581 | 1.39535
1st 1 2.32558 | 2.32558 | 2.32558 | 7.44184
1st 2 11.2204 | 11.2204 | 13.8953 | 10.4651
2nd 0 1.37363 | 1.37363 | 1.37363 | 6.31868
2nd 1 16.2088 | 16.2088 | 16.2088 | 27.1978
2nd 2 35.1698 | 35.1698 | 32.963 | 22.2527

Table 2: Results of the second test (see the section 'Experiment results’)
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Figure 2: The original areal photograph
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Figure 3: Visualisation of the Basic SOM after the training phase
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Figure 4: Visualisation of the first layer of the MLSOFM model
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Figure 5: Visualisation of the last (5th) layer of the TSSOM model

15
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Abstract

The object of our project is to develop effective client-side caching and data replication
scheme so that clients access data as much locally as possible. To achieve such goals, we
aim our effort at a specific class of applications, whose data queries are much more
frequent than inserts and updates and whose structure of queries is known in the phase
of the application development. For that purpose, we additionally suggest a client-side

data access language capable to utilize the power of our data replication scheme.

1 Project goals
Contemporary data storage architectures are strongly server-oriented: the server handles almost all

activities; clients care about constructing their requests and retrieving data supplied by the server. In
the last years, the number of enterprise-wide and mainly internet-based data-oriented applications used
by huge number (tens of thousands to millions) of users rapidly grows [2]. It is commonly expected
that this trend will continue; looking ahead, the most successful companies are beginning to develop,
implement and use e-business applications, they capture the advantages the internet brings, without
abandoning their existing investments in systems and data.

In the fast-moving internet economy, the database servers require the most powerful hardware
available and, in some cases, even this is not enough. One approach to overcome this problem is to
distribute the computing load of a database server among several application servers and to adopt the
three-layer architecture (fig. 1). Nevertheless, there are serious problems with data consistency in most
implementations [3], usually solved by the mechanisms of distributed databases. Although the concept
of database distribution has been adopted by many currently used database engines, the problem of
keeping full data consistency and availability in a distributed environment in association with full SQL
functionality required of such engines frequently leads to a significantly worse performance in

comparison to centralized solutions.
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DDDS — THE REPLICATED DATABASE SYSTEM

Client

Server with 8-way SMP

SQL
server

Client

Fig 1 - Usual current state

App client

0000000}

DDDS client

DDDS client

DDDS server

App client

Fig 2 — Application structure using dedicated DDDS nodes

App & DDDS client

App & DDDS client

3
SQL
server

App & DDDS client

Fig 3 — Application structure using client-side DDDS computation



DDDS — THE REPLICATED DATABASE SYSTEM 3

Unlike most research projects in the area of distributed databases ([1], [4], [6], [8]), the DDDS
project does not deal with splitting data (rows, clusters or tables) among several sites and trying to
optimize queries. The object of our project is to develop effective client-side caching and data
replication scheme ([5], [7]) so that clients access data as much locally as possible. To achieve such
goals, we aim our effort to a specific class of applications, whose data queries are much more frequent
than database changes and whose structure of queries is known in the phase of the application
development. Exactly this class of applications is often used in the e-business; application are
specially tailored to provide pre-defined services with dominance of data retrieval.

For that purpose, we additionally suggest client-side data access language capable to utilize the
power of our data replication scheme. Human readable form of this language allows notation
disambiguity and lucidity of query code. Moreover, this language allows to exploit explicit
parallelisms for better employment of client resources.

Since the DDDS project strongly relies on memory caching, it is especially applicable on 64-bit
architectures and their large virtual address space.

Client-side caching and computing allow to distribute server workload among DDDS clients with
various options, like fig. 2, 3.

This project is focused mainly in data accessibility and coherence; the higher levels of application
logic such as service brokers, fault tolerance, and application-level transaction management are subject

of a linked research project.

2 Database architecture
The DDDS system is a hierarchically organized replicated database system. The server keeps the

whole database while the clients maintain partial mirrors. Data retrieval and manipulation are handled
by clients; the server collects and redistributes the updates among the clients.

Compared to conventional clustered systems, the update load is finally concentrated in one node
(the server), while the read load is distributed among the clients. This asymetry corresponds to the
expected class of applications where the read load is significantly higher than the update load. This
architecture allows to achieve higher read throughput without the performance overhead of fully
distributed write transactions.

The system asserts transaction isolation among clients at 1SO level 3 - sequential equivalence.
Clients may decide to lower their degree of isolation for individual transactions. Anyway, the server
distributes only committed updates; uncommitted updates are visible only to their issuer. The isolation
mechanism is based on optimistic commit-time conflict detection; clients may additionally apply

conflict prediction throughout their transactions. Isolation conflicts are resolved through
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client-initiated rollbacks. Since there is no locking, there are no deadlocks. There is a potential risk of
starvation by repeated rollbacks; proper commit-priority scheme is required.

3 System structure
The DDDS is composed of one server and several clients. There are independent peer-to-peer

connections between the server and the clients, the communication is provided by an UGNP protocol.
The client-to-server channel is called uplink; the server-to-client channel is called downlink.

The server maintains the primary structure; the clients maintain partial mirrors and place requests
for changes. The structure consists of persistent and temporal objects; persistent objects form the
database while temporal objects reflect the connections, distribution of the data, pending changes to
the data, and transactions.

Persistent objects are visible for the server and all the clients; each temporal object is attached to a
connection and is invisible to the other clients. Each object is primarily controlled by the server; the
clients may only place requests to change the state of the objects. Changes in the object state are called
events; the object state and the event ordering are controlled solely by the server. The server keeps
lists of objects replicated at clients and distributes all events of a particular object to all the clients that
have a replica of the object. In this way, each client is directed by a stream of applicable events, the

event ordering is determined by the message order in the downlink channel.

3.1 Table
Table is a set of records indexed by a primary key. Tables allow interval queries on their primary keys

and exact matching by their primary keys. The primary key must be unique, non-updateable, and of

well-ordered domain.

3.2 Reader
Reader is a downlink subchannel that carries data information from the server to the client. Each

reader is associated with a table and with a value or a range of its primary key. When a reader is
opened, the server sends to the client all table records with the value or within the range of the reader.
Later on, the server forwards every committed update (including insertions and deletions) within the
range of the reader to the client.

Each reader is associated with a group; the groups allow referencing more readers at once.

3.3  Writer
Writer is an uplink subchannel that carries update (including insert and delete) requests from the client

to the server. The update requests are collected at the server until a commit or a rollback is requested
on the writer.
Each writer is associated with a group; before a commit, all the readers in the group (and its

subtree) are checked for transaction isolation conflicts.
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4 The Client

The main part of the DDDS client is the DQI interpreter, which executes compiled queries. The client
maintains a mirror of data specified by its readers. Updates are stored locally to the mirror BOBS
(specially tailored b-tree) data structures and simultaneously sent through the corresponding writer.

The server subsequently propagates the committed updates to the conflicting readers of the other

clients.

DQL :%‘»DQL compiler |

DDDS Server

Reader

Reader

> Writer

Reader

> \Writer

DDDS Client
] Group |
interpreter ‘ Reader ( L
Select Reader |« ®
Writer 0——0
V Group _______________
{ | Reader |« ®
Local data |
Writer ¢——@

UGNP

UGNP

Fig 4 — Client side data flow

4.1 UGNP

UGNP is a proprietary high-performance message-oriented datagram-based network protocol. It offers
standard features like optional reliable and serializable subchannels for one peer-to-peer connection,

accurate packet-roundtrip measuring for early packet-loss prediction and a unique feature named

scatter-gather channel.
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5 The Server
The server collects updates sent by clients and received by writer channels. Data of these updates are

held by update gates in their buffers. After the successfull commit, the data are stored into database

and propagated to readers connected to changed data area.

@

engine
irllinks to client 1 | @ Ellinks to client 2 |
Reader (— —) Reader | |
: < $ > §
| | Reader |« - Reader | !
: < >
b wiiter | S > Reader
| | S| [Bgq >
update gate Y £ =22 i _
S Efg ; Writer
= o H
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Fig 5 — Server side data flow
6 DQL/DQI

SQL is a widely accepted data query language. It has some advantages but there is a bunch of
disadvantages. As advantages we may count:

It is widely accepted and implemented by current commercial available database servers.

It allows dynamically constructed queries.

Main disadvantages appear to be:

Its roots are 30 years old and this fact has clearly negative impact even on current version of SQL.

SQL server, namely its parts SQL parser and query optimizer, decides, how queries should be
computed using general heuristic algorithms and table statistics.

There are no standardized language constructs for exploiting explicit parallelism.

The first disadvantage is well known from popular programming languages (e.g. C). Compatibility,
dependency on the system, where the language has been born, and changes of program runtime
environment cause problems to all programming languages (even to currently most popular ones, e.g.

Java).
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The second point goes by the universality of SQL. SQL parser and query optimizer do not know
precise meaning of the given query in the context of the application. Therefore, for query executions
they use general heuristic algorithms and table statistics in the better case, or the brute force in the
worse case.

Different commercial products have different approaches to exploit explicit parallelism in their
SQL clones. There is no standardized language construct for this. It disables better CPU utilization on
large multiprocessor servers, because implicit parallelisms are usually undetected or badly detected.

We have addressed these three disadvantages of SQL and we propose novel data query languages -
DQL (Direct Query Language) and DQI (Direct Query Instructions), which solve these disadvantages
at the cost of sacrificing above-mentioned advantages of SQL. This decision has been made with
respect to the intended class of applications.

The DQI is a binary code, which describes data and control operations of a client on an elementary
level. It also offers interfacing to high-level languages. There is also human readable assembly-like
language form DQA, which directly corresponds to DQI.

The DQL is a high level programming language designed for data queries with explicit parallelism
and lucid query notation in the mind. It allows making queries in the most controlled (and thus the
most efficient) fashion, and it hides index and join implementation in DQI from an application
programmer for easy of use. A compiler from DQL to DQI will be constructed with optional DQA
output.

The first advantage of the SQL lost in the DDDS project can be easily regained. A compiler from
SQL to DQL could be constructed to achieve compatibility with SQL. The second one we do not
consider important. The area of supposed applications doesn’t require dynamically constructed

queries; the set of applicable queries is known in the phase of application development.

7 Conclusions
The current state of the project is as follows:

The database architecture and data flows are specified

The caching scheme, data access and data changes propagation are specified and partially
implemented

The draft of DQL is proposed

The communication layers are specified and implemented

We assume that distributed or internet-oriented applications based on DDDS would access data in
more natural way implying their performance boost in comparison to contemporary systems. In
addition, the application development would be easier and more straightforward and the final product

would be more maintainable.
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Abstract

In this paper, we will discuss various models suitable for (self-)organization
of large data sets. In particular, these models will comprise the Oja learning
algorithm and the Kohonen Self-Organizing Feature Maps. Making use of some of
the ideas present in the Kohonen and Oja model, we will propose a new learning
rule applicable — at least to a certain extent — to a PCA-like analysis (Principal
Component Analysis) of data sets consisting of various sub-clusters. We will call the
new-proposed model Elastic Self-Organizing Feature Map — ESOM. In addition to
the classical Kohonen-like grid, ESOM-networks incorporate another ”more elastic”
neighbourhood compounding those neurons representing principal components of
each respective cluster.

The aim of the new ESOM-learning rule consists in approaching the centers
of the respective sub-clusters (possibly even hierarchically arranged). In the ideal
case, for each found sub-cluster, mutually independent components with maximum
possible pattern occurrence (e.g. density or variance) should be found. Results of
preliminary supporting experiments done so far will be briefly discussed in this
article, too.

We see the main application area for this model in pre-processing large mutu-
ally correlated patterns which should be stored later on in hierarchical Hopfield-
like networks (e.g. in the so-called Cascade Associative Memories introduced by
Hirahara et al., or in the Hierarchical Associative Memory Model). The trained
weight vectors of the ESOM-model should correspond (hierarchically) to (mutually
nearly-orthogonal) patterns which could be stored more reliably in the respective
associative memory. We expect that similar principal ideas could be applied also
for the dynamical adjustment of the topology in hierarchical, e.g. Tree-Structured
SOM-networks.
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grant No. 201/02/1456 of the GA CR.

T Currently Fulbright Visiting Professor in Smart Engineering Systems Laboratory, Engineering Man-
agement Department, University of Missouri-Rolla, Rolla, MO 65409-0370, USA.




1 Introduction

Both the rapid development in the area of information systems and a wide availability
of efficient computers support applications of previously computationally too expensive
neural techniques. For few examples, let us mention the usage of associative memories for
robust pattern recognition in spatial maps and self-organizing feature maps for localizing
and organizing large files of text documents or images by means of hierarchical two-
dimensional Kohonen grids. The application of traditional associative memory models —
mainly Hopfield-like networks — is limited mainly by their relatively low storage capacity
but also due to their restricted recognition abilities — very low or even no shift-, rotation-
or scale-invariance, etc.

Therefore, it seems to be advantageous to pre-process the incoming data with the
aim to increase the robustness of the whole system with regard to degraded input data
and their deviations. Such a kind of pre-processing could increase the capacity of applied
associative memories remarkably. The methods proposed for this purpose are based on
the principle of the so-called cascade associative memories with a hierarchical structure.

At the same time, these methods incorporate several ideas of Kohonen self-organizing
feature maps. Within the framework of e.g. information systems, mutually similar
patterns (having the form of feature vectors) can be organized into groups, which are
not defined previously but emerge during the data clustering process. In this way,
information retrieval can be restricted to those groups relevant to the particular query.
Moreover, clustering can reduce the dimensionality of the search space.

At the same time, it can contribute remarkably to a more transparent representation
(and visualization) of the retrieved data relevant to the respective query. In such a case,
it could be sufficient to output only e.g. few representatives of the respective clusters
and it is not necessary to retrieve all of the relevant documents. The documents from the
same cluster should be mutually as similar as possible. On the other hand, documents
from different clusters should be as different as possible. Then, the task would be to find
such cluster representatives which could be stored in the system reliably and recalled
efficiently.

An example for such models represents the so-called WEBSOM architecture [5] us-
ing the SOM-training algorithm to locate and organize large files of text documents
onto hierarchical two-dimensional Kohonen grids. In such maps, closely located areas
contain documents with a mutually similar contents. To reduce the relatively high com-
putational costs of searching for the ”winning neurons”, the so-called Tree-Structured
Self-Organizing feature Maps (TS-SOMs) can be used [6].

These techniques can be further enhanced by incorporating methods for automatic
creation of keywords (for detected clusters of text data). Good keywords characterize in
this context an outstanding — in the sense of characteristic — property of the documents
from the respective cluster and compared to those documents not contained in this
cluster. A similar approach was adopted in the so-called PicSOM-system as well [8], [7].

An important ability of neural networks is to organize representations of the external
world through learning. On the other hand, the representations of neural networks are



too complicated to estimate the capability of a neural system in practical use. A geomet-
rical method to analyse the representation of an associative memory was introduced by
[4], who presented a practical application of associative memory models — information
categorization. In this application, the concept formation ability of associative memory
is important.

From this point of view, an interesting idea would be to (re)generate automatically
(e.g. by means of associative memories with incorporated feed-back) further queries
e.g. in tree-structured SOM-networks. The generated queries would be based on several
previously incomplete queries of the user. Such a process represents in principle learning
the right query using the response from the user.

In this paper, we propose a new model for preprocessing the data which should
be stored in an associative memory (having a hierarchical structure). The model —
called ESOM (Elastic Self-Organizing Feature Maps) — is based on the idea of SOM-
networks. In addition to (possibly hierarchical) clustering of the input data, it improves
mutual orthogonality of the found cluster representatives and hence it improves both the
capacity and reliability of the used associative memory. In the following Section 2, we
will describe the existing models which our work will be based on. The definition of the
ESOM model is presented in Section 3 and the results of supporting experiments for the
ESOM-model will be given in Section 4. The final Section 5 contains some concluding
remarks and outlines a plan for our further research.

2 Previous models

In this section, we will discuss briefly various existing neural network models which our
new-proposed model will be based on. In particular, these models comprise associative
memories (both the standard Hopfield model and the so-called Cascade ASsociative
Memories — CASM) and neural network models based on self-organization (the Oja-
algorithm and Kohonen Self-Organizing Feature Maps).

Hopfield networks and hierarchical associative memories. The Hopfield net-
works [2] represent an auto-associative memory model which consists of a mutually fully
inter-connected set of neurons with symmetric weights (w; ; = w, ;) trained by means
of the Hebbian learning rule

wig =y aMa™ i (1)
k

x¥ stands for the i-th element of the k-th training pattern, i and j index the neurons of
the network. During recall, presented input patterns are retrieved iteratively. A serious
disadvantage of the basic Hopfield network model refers to its low capacity (about 0.14
times the number of neurons). Moreover, this capacity can be achieved only for (nearly)
orthogonal input vectors.

A possible means to overcome these limitations incorporate the so-called cascade
associative memories [1]. The basic idea is to have a hierarchy (two levels in the simplest



case) of Hopfield networks. The first-level network stores some representative patterns
from the input space. On the second level, only the differences between the presented
patterns and their first-level representatives are stored. This strategy poses a question
which we attempt to solve: how to choose the first level representatives?

These representatives should correspond to the centers of the input data clusters
and at the same time, they should be as much orthogonal one to each other as possible.
Such representatives would be in general more suitable for being stored in the first-level
network than the randomly chosen ones. At the same time, the difference patterns will
be sparser and thus could be stored more efficiently in the second-level network. In
the next section, we will propose a method for finding first level representative patterns
using ESOM — a type of Kohonen self-organizing feature map with a modified learning
rule. Its performance will be compared with the standard SOM-network.

PCA and the Oja’s learning rule. The principal component analysis (PCA) is
a common tool widely used e.g. to reduce the dimensionality of input data and to
determine an orthogonal base (rotated coordinate system) such that projections of the
data to new coordinates retain as much information as possible (the most important of
them even more than the original coordinates). Let us have a set {#1,...,Zy,} of input
data (n-dimensional vectors). The first principal component of this set is a vector )
maximizing the expression:

Lo~ . .
=3 l@ - F? 2)
i=1

Thus the first principal component runs in the direction of maximum variance of the
input vectors. The second principal component s is then the first principal component
of the set of residues. The residues are determined as the rest of the original data
vectors after subtracting their projections to the first principal component. The third
principal component is computed after subtracting projections onto the first and the
second principal component, and so on up to n. All principal components are mutually
orthogonal.

One possible solution for the PCA is the Karhunen-Loeve Transform, introduced by
Karhunen [3] and Loeve [9]. Another, iterative learning algorithm for computing the first
principal component was proposed by Oja [10]. The vector w; is initialized randomly.
In each step, a vector Z; is selected randomly and new vector W) = Wy + yp(Z; — ¢y ) is
computed, where ¢ = Z;-w and 0 < v < 1 is a gradually decreasing learning parameter.

Self-organization and Kohonen maps. Self-organizing feature maps (SOMs) were
introduced by Kohonen [5]. A SOM-network consists of a set of neurons, organized
in a neighbourhood grid, e.g. a 2-dimensional mesh. The position of a neuron in the
d-dimensional input space is defined by the neuron’s d-dimensional weight vector w.
The goal of a SOM is to adjust the weight vectors of neurons (“move the neurons”)
such that the neurons would approximate the spatial distribution of input data. For
example, if there are several clusters of input patterns present in the feature space, the



neurons should move to the centers of those clusters. At the same time, the neurons
should become topologically ordered, i.e., neurons which are close one to each other in
the neighbourhood grid represent similar input vectors.

The learning algorithm of SOM starts with weight vectors initialized to random
values. In each time-step, the weights are adapted according to a single input vector &
from the training set. First, the best-matching (nearest) neuron c is selected, such that

|Z — @e|| = min;{||# — @;||}. Then, the weights of ¢ but also of other neurons (indexed
by i) lying in the neighbourhood of ¢ are adapted according to the following formula:
Wi (t+ 1) = @, (t) + a(t)he; (0)(Z — Wi (t)) - (3)

The value of the learning rate «(t) gradually decreases from values close to 1 to 0. The
neighbourhood function h.;(t) defines the size of the neighbourhood neurons of ¢ which
will be adapted together with ¢ and how strongly the neurons from the neighbourhood
will be adapted (compared to the neuron ¢). Initially, large neighbourhood is used (up
to the whole network). During time, it shrinks down to the single neuron ¢. An example
of a widely used neighbourhood function is the Gaussian function

hei(t) = exp (—%) : (4)

where 02(t) is a monotonically decreasing function and r; are the coordinates of the
neuron ¢ in the neighbourhood grid.

3 The Elastic Self-Organizing Feature Maps — ESOM

In this section, we will describe a new model — the so-called Elastic Self-Organizing
feature Map (ESOM). It is based on the principle of Kohonen networks described in the
preceding section. As we mentioned earlier, we intend to employ ESOM as a prepro-
cessing stage for storing patterns in hierarchical associative memories, which work best
if the patterns to be stored are mutually orthogonal. Thus, the modified learning rule
for ESOM should promote orthogonality between the found weight vectors.

The simple version of ESOM uses a standard Kohonen neighbourhood grid. Anyway,
the learning rule consists of two phases which run as it follows: in the first phase of each
step (Kohonen learning phase), the ”winning” weight vector w; (t) is adapted according to
the presented input vector Z and the Kohonen learning rule (3) yielding an intermediate
vector w;(t). The second phase then tries to improve orthogonality of weight vectors.
For all vectors wi(t), the following algorithm is run in parallel. It computes a “more
orthogonal” vector w;(t + 1). This second phase of each learning step proceeds in the
following three sub-steps:

-/

1. For each neuron j # ¢, compute vector ¥;;(t) perpendicular to w;
defined by wi(t) and u(t).

(t) in the plane

(1) - @(t)

(2

3 (t) = wi(t) — W - (t) (5)



2. For each neuron j # ¢, find the normalized vector @,;(t) determining the direction
“more orthogonal” to u}(t).

H(0) = wlb)is0) + (- e ©)
w0 = LT "

The function w(t) plays a similar role like the learning rate «(t) in the Kohonen
rule — it controls the amount of adaptation actually performed. Its initial value
should be close to 1 and it should monotonically decrease towards 0.

3. The direction of the final vector w;(t + 1) is an average of all the vectors u;;(t)
(denoted as ¥;(t)) multiplied by the norm ||&}(¢)]].

() = —— a0 . ®)

n—1
J#i
@i(t+1) = g@O)|G@) , )

where n is the number of neurons in the network.

The algorithm is run for all neurons in parallel. In order to be able to achieve orthogonal
weight vectors, the number of neurons n should be at most equal to the dimensionality
d of the input space.

Further, we are working also on more elaborate ESOMs. Their main idea con-
sists in defining an additional neighbourhood function v;; superposed to the traditional
Kohonen-like neighbourhood grid. Then, the orthogonalization of }(t) will be per-
formed using not all u;(t), but only those ones with v;; # 0. For example, if the
network has more neurons n than is the dimension d of the input space, the function
v may define partitioning of neurons into n/d groups of size d. Each group of neurons
should then be stored in a separate associative memory, because the weight vectors
would be orthogonal only within the respective groups.

Additionally, there might be detected a hierarchical structure for the evolved ESOMs,
such that the first level defines d top level mutually orthogonal clusters and the second
level defines orthogonal sub-clusters in each cluster. Thus, the first level ESOM would
produce the representatives to be stored in the first level of the hierarchical associative
memory (see page 3), while the second level ESOM generates difference patterns stored
in the second level of the hierarchical associative memory, etc.

4 Supporting Experiments

Supporting experiments done so far test the behaviour of the simple ESOM. The com-
bined Kohonen and orthogonalization learning algorithm (as described in the previous
section) was run on randomly generated data. We used two error measures: the learning
error, i.e. the squared Euclidean distance of the input vector from the nearest neuron



||# — 0.||? and the orthogonalization error, that is the average angle in degrees (over all
pairs of weight vectors) by which an angle between two weight vectors differs from 90
degrees.

We observed how the two error measures depend on the number of learning steps
performed, i.e., the number of input patterns presented to the network. The network
had the same number of neurons as was the dimension of the input space, which varied
from 2 to 10. The neurons were arranged in a linear cyclic Kohonen grid (its topology
was a single cycle). The training set had 200 members — it was formed by a union
of several clusters of vectors with the Gaussian distribution. This set was randomly
permuted 10 times (in order to obtain input patterns for 2000 steps). After every
10 steps, the orthogonalization errors of all neurons and the sum of learning errors
from the last 10 steps were recorded. All experiments were run both for a Kohonen
network without orthogonalization (dash-dotted line in graphs), as well as for a net with
orthogonalization applied (ESOM, solid line). Results displayed in the graphs represent
average values from 10 repetitions of each test.
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Figure 1: Single 10-dimensional cluster with mean 0 and variance 1

The first set of experiments used the data consisting of only one single cluster with
the mean 0 and variance 1. Figure 1 shows that the learning error remains high and
approximately the same in both networks during learning, because a small number of
neurons cannot fill the cluster well. On the other hand, after an initial phase, the
orthogonalization error decreases and is much smaller in the ESOM case (about 50%).

The inputs for the second set of experiments consisted of d clusters for a d-dimensional
case. We tested data sets having clusters with several values of variance and with dif-
ferent angles among the vectors from the origin to centers of the respective clusters.
These angles were defined by the parameter rot such that the center of a cluster is
rot-(1,...,1)+ (1 —rot) - (0,...,0,1,0,...,0), i.e. for rot = 0, the centers of clusters
lie on the axes of the coordinate system.

Figure 2 displays 3 example inputs for dimension 2. In Figure 3 we can see the
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Figure 2: Example of input data having different angles and variances.

tradeoff between learning and orthogonality error. As there was in this case only a small
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Figure 3: Nearly orthogonal 8 clusters in 8 dimensions with variance 0.1

variance in the clusters, orthogonalization moves the neurons out of the cluster centers
and increases the learning error while decreasing orthogonality error. If the clusters are
more rotated, this effect is even stronger, as can be seen in Figure 4.

On the other hand, larger variance of inputs makes displacements of neurons caused
by orthogonalization less important, see Figure 5. The experiments from the third set
considered various numbers of randomly positioned clusters as inputs. Figure 6 shows
an example of results for 12 clusters with variance 0.1 in 6 dimensions. The trade-off
between learning and orthogonality errors is obvious again.
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Figure 5: 8 clusters in 8 dimensions with variance 0.5 and nearly orthogonally positioned

5 Conclusions

The results presented in this paper represent an initial part of our ongoing research. Its
main goal is to apply ESOMs for finding ”parent patterns” to be stored in Hopfield-like
hierarchical associative memories. Especially the orthogonalization property of ESOMs
could improve the main weakness of associative memories referring especially to their
capacity limits. In this paper, we have presented the motivations and we have specified
and tested the basic ESOM model. Experimental results done so far have shown that in
comparison with the standard Kohonen model, ESOM is able to improve orthogonality
of the set of weight vectors without enlarging the learning error too much.

Within the framework of our further research, we are aimed at specifying more
elaborated variants of ESOM (able to process hierarchical data organized arbitrarily in



Error, d=6, ncl=12, cv=0.1
T T T

Average orthogonality error, d=6, ncl=12, cv=0.1
T T T T T

T T T
— " no orthogonalization = no orthogonalization
— with orthogonalization — with orthogonalization

‘t |
61 1 i el |
lA

5

3
T
L

2
3
|

L

a

]
L

" A
| [
I
|

Mah A A Y
VY Vw\,\‘\‘w

Learning error
I

[ l
Wy AN A AV A
W/ vm/vv‘w\h \ w \‘A"“v“’«’ \ )\ | u\yw,»,mw ¢V \ “\“"“‘J\"%

Error (deg.)
N
5
.

3l ]
\ N 7
Ny / \
DRIV / \

' W

@
8
=i
/
L

~
L
n
S
L

L

[NAS

Ve

A / . -

PR e U N A A e —
'

e
L
.
5
L

L L L L L L L L L L L L L L L L L L
0 200 400 600 800 1000 1200 1400 1600 1800 2000 0 200 400 600 800 1000 1200 1400 1600 1800 2000
Time Time

Figure 6: 12 random clusters in 6 dimensions with variance 0.1

multiple levels), test them by experiments similar to those described in this paper, and
perform experiments processing high-dimensional real-world data, e.g. digital images of
various kinds of scenes.
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Abstract. Compression methods based on finite automatons are pre-
sented in this paper. Simple algorithm for construction finite automaton
for given regular expression is shown. The best advantage of this algo-
rithms is the possibility of random access to a compressed text. The com-
pression ratio achieved is fairly good. The methods are independent on
source alphabet i.e. algorithms can be character or word based.
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1 Introduction

Data compression is an important part of the implementation of full text retrieval
systems. The compression is used to reduce space occupied by indexes and text of
documents. There are many popular algorithms to compress a text, but none of
them can perform direct access to the compressed text. This article presents an
algorithm, based on finite automaton, which allows such type of access. The defi-
nition of finite automata is given in the first section. Compression algorithm itself
is described in the second section and the third section shows some experimental
results. At the end the conclusion is given.

2 Finite automata

Definition 1. A deterministic finite automaton (DFA) [6] is a quintuple
(Q,A,0,q0, F), where Q is a finite set of states, A is a finite set of input
symbols (input alphabet), 6 is a state transition function Q x A — Q, qo is the
initial state, F' C Q is the set of final states.

Definition 2. Regular expression U on alphabet A is defined as follows:

1. B, € and a are reqular expression for all a € A



2. If U,V are regular expression on A then (U+V), (U-V) and (U)* are regular
expression on A.

Definition 3. Value h(U) of regular expression U is defined as:

ho) =0
h(e) = {e}
h(a) = {a}
hU+V)=hU)UhV)
h(U-V)=h((U)-h(V)
h(U*) = (h(U))*
Definition 4. Derivation ‘fi—g of reqular expression U by x € A* is defined as:
1. iU
&Y
2. Ya € A it holds:
de
- 0
dp
i 0
db [0 ifa#b
da = | € otherwise
aUu+Vv) au n av
da ~da  da
dU-V) dU av.
d\v*) dv _,
da  da v

3. For x = ajas...an, where a; € A it holds:

av._dv ([ dv [ AV (dV\
dxr o dan dan,1 dag da1

Derivation of regular expression V' by string x is an equivalent

dv
— ={y: h(V
= {yay € h(V)}
In other words, derivation of V by x is expression U such h(U) contains strings
which arise from strings in h(V') by cutting prefix x.

Ezample 1. Let be h(V') = {abccabb, abbach, babbcab}. Then h(4Y) = {bccabb, bbach}.

a



2.1 Construction of DFA for regular expression V

One possibility how to construct DFA for given regular expression is based on
following theorem:

Theorem 1. When DFA accepts, in state q, language defined by V' then accepts
in state §(q,a) language defined by 4 for all a € A (see [6]).

da ’
For given regular expression V we construct DFA(V) = (Q, A, 9, qo, F'), where

— @ is a set of regular expressions (states),
— A is given alphabet,

— 0(gq,a) = g—g,Va €A,

—q@=V,

- F={qeQlecq}

Ezample 2. Let’s construct automaton for V= (0+1)* - 01 — words ending with
01. Sequence of derivations is given in following table:

dV/do avydl
0+1)"-01 [0+1)"-01+1](0+1)"-01
(0+1)*-01+1{(0+1)*- 0L+ 1[(0+1)*- 01 + &
(041)*-014¢|(0+1)*- 01+ 1|(0+1)* - 01

Particular derivations can be marked as states in this manner: (04 1)*-01 as go,
(0+1)*-014+1asq, (04+1)*-01+¢ as ga. Then state transition function § can
be written in this form:

q[9(g,0)[6(g, 1)
qo| 1 q0
q1| 1 q2
92| 41 q0

Remark that final state is g2 only because it contains empty string. Final au-
tomaton is drawn in figure 1.

3 Random access compression

Let A = {a1, a2, ...,a,} be an alphabet. Document D of length m can be written
as sequence D = dg,dy,...,dn_1, where d; € A. For each position i we are able
to find out which symbol is at position d;. We must save this property to create
compressed document with random access.

A set of position {i;0 < ¢ < m} can be written as a set of binary words
{b;} of fixed length. This set can be considered as language L(D) on alphabet



Fig. 1. DFA for regular expression V = (0 +1)* - 01

{0,1}. It can be easy shown that the language L(D) is regular and it is possible
to construct DFA which accepts the language L(D). This DFA can be created,
for example, by algorithm given in section 2. Regular expression is formed as
bo+b1 + -+ bm_1.

Compression of the document D consists in creating a corresponding DFA.
But decompression is impossible. The DFA for the document D can only decide,
whether binary word b; belongs to the language L(D) or not. The DFA does not
say anything about a symbol which appears in position 7. In order to do this, the
definition of DFA must be extended or more than one automaton should be used.

4 Multiple DFAs

The first way how to achieve random access compression by finite automaton is
using several, independent automata. Each of the automata can compute part of
character lying on particular position.

Let D =dy,ds,...,dp—1 is the document over alphabet A. Let ¢;0...c¢; -1
(k = [logy n]) is a binary representation of symbol d; € D. Then document D
can be written as matrix C:

€, --- Cok-1
C= :

Cm—1,0 -+ Cm—1,k—1
For each column of matrix C' lets define set of positions P;(D) (0 < i < k) as
Pi(D) = {bin(j) | ¢ji =1},

where bin(j) is a binary representation of number j.



The set P;(D) contains only positions of symbols from A which have i'" bit
set to 1.

It is obvious that sets P;(D) form regular languages and finite automata
DF A,;(D) can be constructed for each of P;(D), for example, by algorithm given
in section 2.

Definition 5. Let DFA;(D),0 < i < k be automatons. Function Decompp :
N — {0|1}* defined as

[ 14 DFA;(D) accepts bin(x)
Decompp () = {O otherwise
is called decompression function of document D.

Decompression is then trivial. If the decompression function is given, each
symbol d; € D can be computed as d; = bin~!(Decompp(i)), for 0 <i <m — 1.

FEzample 3. Let be for example document D = abracadabra, m = 11. Then
A={a,b,c,d,r}, k = 3. The alphabet A has following representation:

Symbol from alphabet|Frequency|Code|Binary code
a 5 0 000
b 2 1 001
¢ 1 3 011
d 1 4 100
r 2 2 010

Encoding of symbol of the alphabet can be taken at random, for example
ASCIL k = [log, n] bits are necessary. We suggest to encoding symbols of the
alphabet from 0 to n according to decreasing frequency of occurrence of particular
symbol. In this way the most frequent symbol will have code with all bits set to
zeroes i.e. it will not be included in any set P;(D).

Then matrix C for our document D is formed as:

000
001
010
000
011
C=1000
100
000
001
010
000




Now we can construct three sets Py(D) = {0110}, P,(D) = {0010,0100, 1001},
P,(D) = {0001,0100,1000}. Four bit representation to store row of matrix C.
Longer representation can be used but sets P3(D), Py(D),... would be empty
sets. Particular automata can be seen in figure 2.

(¢) Automaton for set P>(D)

Fig. 2. Automata constructed in example 3

Decompression - for example position 4 is given. Binary representation of 4
is 0100 (we use four bit representation). This binary number is put as input
to automata Py(D), P1(D), and P»(D). The automaton PO doesn’t accept this
input, so the first bit of decompressed symbol is zero. Two other automata accept
given input, the second and the third bit are equal to one. We obtain 011 binary
as decompressed symbol at given position. 011 is codeword for symbol ’c’ in our
encoding schema. Result of decompression - symbol ’c¢’ can be found at position 4.



4.1 Extension of DFA

Definition 6. A deterministic finite automaton with output (DFAQ) is a 7-tuple
(Q,A,B,d,0,q, F), where Q is a finite set of states, A is a finite set of input
symbols (input alphabet), B is a finite set of output symbols (output alphabet), o
s a state transition function Q X A — Q, qo is the initial state, o is an output
function F — B, F C Q is the set of final states.

This type of automaton is able to determine for each of the accepted words b;
which symbol lies on position i. To create an automaton of such a type the algo-
rithm mentioned in section 2 must be extended too. Regular expression V, which
is input into the algorithm, consists of words b;. Each b; must carry its output
symbol d;. Regular expression is now formed as bodg + b1dy + - + by—1dm—1,

FEzample 4. Let be for example document D = abracadabra, m = 11. Regular
expression V will be

V = 0000a + 00015 + 00107 + 0011a
0100c + 0101a + 0110d + 0111a
1000b + 10017 4 1010a

DFAO(V) = (Q, A, B,d,0,q, F) will be constructed, where Q = {qo, - .. 16},
A=1{0,1}, B={a,b,e,d,r}, F = {q12,q13, 14, q15, ¢16 }. Final automaton from
our example is drawn in figure 3(a).

Such constructed automaton have following properties:

1. there are no transitions from final states,

2. let be |g| for ¢ € @ the length of words in appropriate regular expression.
If §(¢i,a) = q;, where g;,q; € Q, a € A, then |¢;| > |¢;|. In other words,
the state transition function contain only forward transitions. There are no
cycles.

The set of states @ of the automaton DFAO(V) is divided into disjunct
subsets (so called layers). Transitions are done only between two adjacent layers.
Thus states can be numbered locally in those layer. In out example layer 0 consists
of state qg, layer 1 of states g1, ¢o, layer 2 of states ¢s,qu,q5, layer 3 of states
g, - - -,q11 and layer 4 of states qi2, ..., q16.

Final automaton is stored on disk after construction. Particular layers are
stored sequentially. Three methods of storing layers are available now:

Raw — the layer is stored as a sequence of integer numbers (4 bytes each). Ap-
propriate for short layers.

Bitwise — maximum number maz in layer is found. The layer is stored as a
sequence of [log, max]| binary words.

Linear — linear prediction of transitions is made. Parameters of the founded line
and a correction table are stored.



Mechanism of victim Horspool & Cormack [5] propose mechanism of the
spaceless words mechanism to eliminate space immediately following any word.
They used strict alternation of words and non-words. In some texts strict al-
ternation cannot be achieved for some reasoms (e.g. limited length of word or
non-word). We propose mechanism of eliminating of the most frequent non-word
(so called victim [3,4]). Mechanism of victim was adopted in several standard
compression algorithms.

We would like to try to join mechanism of victim and random access compres-
sion. It is easy for both of methods. In the first case, the victim should be encoded
as zero, so it doesn’t participate in any constructed automatons. For the second
case positions of victim is not included in regular expression V' that expresses
document D. In decompression phase particular position of victim isn’t accepted
by DFAO(V). Consequently, there is only one explanation - victim should be
there. It holds only for positions between 0 and m — 1, i.e. in document.

Ezxample 5. Let’s construct DFAO for document mentioned in example 4. Victim
is symbol a. Regular expression V will be

V' =0001b + 00107 +
0100c 4 0110d +
10006 + 1001r

Final automaton can be seen in figure 3(b).

5 Experimental results

To allow practical comparison of algorithm, experiments have been performed on
some compression corpus.

Let’s remark, that algorithm of construction of automaton is independent
with respect to its output alphabet. There are two possibilities. The first is a
classic character based version. Algorithm is one-pass and output alphabet is a
standard ASCII. For the text retrieval systems word-based version (the second
possibility) is more advantageous because of the character of natural languages.

For test has been used Canterbury Compression Corpus (large files) [1], espe-
cially King’s James Bible (bible.txt) file which is 4047392 bytes long. There are
1535710 tokens and 13508 of them are distinct.

A word-based version of algorithm has been used for a test. The size of the
compressed file and the compression ratio have been observed. Results are given in
table 1. Tests were done on Pentium IT/400Mhz with 256 MB of RAM. Program
was compiled by MS Visual C++ 6.0 as 32-bit console application under MS
Windows 2000.
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Table 1. Experimental results for file bible.txt

Used method Compressed size [bytes]
Multiple DFA’s 1761878
DFAO 2088389
DFAO (elimination of victim) 2072418

6 Conclusion and future works

Compression ratio is worse than other algorithm can achieve, but none of then
can directly access compressed text. It is interesting that elimination of victim
hasn’t any significant impact to size of compressed document. It means that most
of states and transitions in automaton was preserved.

It is important to realise that this method does not actually depend on text
encoding. This means that it performs successfully for a text encoded in UNI-
CODE as well.

Basic algorithm for random access compression was published in [2]. Several
word-based compression algorithms were developed for the text retrieval systems.
There is well-known Huffword [7], and WLZW [3,4] (our version of word-based,
two-phase LZW).
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Abstract. New system for storage is presented. This system allows direct
access to matrix. Complexity of each access is proportional to log, p,
where p = maz(m,n) for matrix of order m x n. Space complexity is
similar to other storage systems.

1 Introduction

Using finite element method for solving any practical problem we obtain a stiffness
matrix. This matrix plays important role in the process of solving these problems.
Usually, this matrix is very large and very sparse. The term sparse means, that
the matrix contains many zero members but only a few nonzero in comparison
with all members of this matrix. So, it is very good idea to store only nonzeros
and reduce amount of memory for stiffness matrix.

For the finite solvers like LU factorization is impossible to use the system
which store only nonzero members. This restriction arises from basic feature of
all factorization algorithms, that a zero member in original matrix can become
(and usually become) to nonzero in factorized matrix.

However, a storage of only nonzero member fits very good to iterative solvers
such as conjugate gradient method. Sparse storage decreases a number of opera-
tion rapidly and saves amount of memory necessary for storing stiffness matrix.

In the following, system of storing stiffness matrices based on finite automata
will be explained. This system of storage allows direct access into matrix i.e. any
element of the matrix can be read or written with constant time complexity.



2 Properties of stiffness matrices

Our storage system is based on the following observation. In finite element method
the global stiffness matrix is assembled from large number of local stiffness ma-
trices. All these local stiffness matrices have the same structure.

Let us assume a local stiffness matrix of triangle element with 3 nodes (see
figure 1) and let nDOF is number of degrees of freedom in each node. Let the
following storage scheme of degrees of freedom is used

. . T
= U1, v1,W1,...; U2,V2,Wa,...; U3,V3, W3, ... )

DOF of 15t node DOF of 2% node DOF of 374 node

Then local stiffness matrix can be written as block matrix

K Ki{y Ki3 node 1

K5, K5y K354 node 2

K$ K§y K$5 node 3
node 1 node 2 node 3

K, =

Each block of this matrix is submatrix of dimension nDOF x nDOF. Due to
symmetry of K¢ the equality K5; = Kij is valid for all i # j. This symmetry
implies that also diagonal blocks K, are symmetric matrices. Hence, it is sufficient
to store only diagonal and upper triangular members of these diagonal blocks.

Node 1 (u,, Vv, W,,...)

Node 2 (U, V,W,,...)

Node 3 (U,,V,,W,,...)

Fig. 1. Example of element

For the other types of elements, only the number of blocks changes. So we can
generalize this block scheme for all types of elements. For example, in the case of
tetrahedral element with 20 nodes, the local stiffness matrix with 20 x 20 blocks
is obtained.



Let m denotes total number of nodes in the finite element model. Then global
stiffness matrix has form

Ky Ko -+ Kim
Koo
Kmm
where all K;; are submatrices of dimension nDOF x nDOF'. These matrices
are assembled from blocks of local element stiffness matrices. The process of
assembling is identical to assembling of global stiffness matrix with 1 degree of
freedom per node. Only difference is, that the members of stiffness matrix are

replaced by so called nodal submatrices. Hence, we shall obtain submatrix at i, j
position using following formula

_ e
Ky =Y Kf .,
e

where summation is considered over all elements containing nodes ¢ and j in
global numbering of nodes. Indices i, j. here denotes local numbers of nodes i, j
in element e.

The sparsity of this storage is provided by inserting only nonzero submatrices
into global stiffness matrix. Also only diagonal and upper triangular submatrices
are stored due to symmetry of stiffness matrix. Therefore, the lower triangular
part of matrix K is blank on the picture. Drawback of this system of storage
is, that some zeros what appear in the block submatrices are stored, too. But
usually, amount of memory saved by storing whole blocks and only indices for
these blocks is larger than memory saved by storing only nonzero members and
all indices for these members in global stiffness matrix, even when some zeros
are stored in blocks. Especially, for the problems with large number of degrees of
freedom (3 and more) per node the saving of memory is dominant.

3 Sparse matrices and finite automata

Culik and Valenta [1] introduce using of finite automata for compression of bi-
level and simple color images. A digitized image of the finite resolution m x n
consists of m x n pixels each of which takes a Boolean value (1 for black, 0
for white) for bilevel image, or a real value (practically digitized to an integer
between 0 and 256) for a grayscale image.

Sparse matrix can be viewed, in some manner, as simple color image too.
Zero element of matrix corresponds to white pixel in bi-level image and nonzero
element to black or gray-scale pixel.



Here we will consider square matrix M of order 2™ x 2™ (typically 13 <n <
24). In order to facilitate the application of finite automata to matrix description
we will assign each element at 2" x 2" resolution a word of length n over the
alphabet X' = {0, 1,2, 3} as its address. A element of the matrix corresponds to a
subsquare of size 27" of the unit square. We choose ¢ as the address of the whole
square matrix.

Its submatrices (quadrants) are addressed by single digits as shown in Fig.
2(a). The four submatries of the matrix with address w are addressed w0, wl,
w2 and w3, recursively. Addresses of all the submatrices of dimension 4 x 4 are
shown in Fig. 2(b). The submatrix (element) with address 3203 is shown on the
right of Fig. 2(c).

In order to specify a values of matrix of dimension 2™ x 2", we need to specify
a function XY™ — R, or alternately we can specify just the set of nonzero values,
i.e. a language L C Y™ and function fp; : L — R.

11 13 31 33

10 12 30 32 :A?

01 03 21 23

(a) (b) (c)

Fig. 2. The addresses of the submatrices (quadrants), of the subsmatrices of dimension
4 x 4, and the submatrix specified by the string 3203



FEzample 1. Let M be a matrix of order 8 x 8.

20000000
04001000
00300609
00010000
00001000
00000500
00000090
00000007

The language L C X2 is now
L ={111,112,121,122,211, 212,221,222, 303, 310, 323}.

Then function fps will have following values (see table 1).

Table 1. Positions in matrix M and corresponding values — function far

zeLl fulz) xzeLl fu(z)
111 2 221 9
112 4 222 7
121 3 303 6
122 1 310 1
211 1 323 9
212 5

Now automaton that computes function fj; cn be constructed (see Fig. 3).
The automaton is four order tree, where values are stored only at leaves.

If matrix M is considered as read-only the automaton can be reduced into
compact form (see Fig. 4).

The global stiffness matrix is assembled from large number of local stiffnes
matrices that have the same structure as it was mentioned in section 2. From the
point of view of finite automaton dividing of whole matrix can be terminated at
the level of local matrices. We need to specify function L — R,pornpor

This kind of storage system allows direct access to stored matrix. Each of
elements can be accessed independetly to previous accesses and access to each
element has same, constant time complexity. Let A be a matrix of order 2™ x 2.
Then time complexity of access is boudned by O(logsy n).



Fig. 3. Automaton for matrix M

Fig. 4. Compacted automaton for matrix M




3.1 Implementation notes

To allow practical comparison of algorithm experimental implementation was
written in MS Visual C++, but it can be compiled on any other platform with
standard C++ compiler.

The crucial point of our algorithm is transformation of element’s row and
column to quadrant coordinates — word over alphabet {0,1,2,3}. The transfor-
mation consists in bit rotating and masking over themselves. Transformation can
be performed in time O(n) for matrix of order 2" x 2™.

unsigned int cPosition::Convert(unsigned int x, unsigned int y) const

{
unsigned int iRet = O;
x = x / m_NDOF;
y =y / mNDOF;
for(unsigned int i = 0; i < mBites; i++)
{
iRet = (1 & x) + (L& y) K D) € 1K D;
x >=1;
y >=1;
}
return iRet;
}

Where m Bits denotes how many bits are used to store row and column of
element. m_Bits is typically from 16 to 32 bits which depends on platform or size
of matrices.

Other important feature of our implementation is iterator [6] on the automa-
ton. The iterator allows sequential scanning of nonzero elements through whole
matrix. Then there is no need to read all elements in matrix, for example in ma-
trix multiplication. The most of them are zero, so it is better go through nonzero
only. For example, when we have square matrix of order 10* only ¢ queries to
values of nonzero elements must be done but no 108.

class cAutomatIterator
{public:
cAutomatIterator (cAutomaton* Automaton);
virtual void Next(void);
virtual void Reset(void);
virtual t_Item& Data(void);
bool isEnd(void) const;



Method Reset resets iterator to initial state (same as constructor). Method
isEnd becomes true if iteration process is over. The Next method moves iterator
to the next nonzero element of matrix. Method Data provides its result row,
column and value of current nonzero element of the matrix.

4 Conclusion

Storage system of sparse matrices is presented. The storage system allows random
access to elements of the matrix. This property makes it different to other systems
that usually used linked lists to accommodate matrix’s elements. Our experiments
shows that presented system is about 40 % faster than K3 system implemented at
Dept. of Applied Mathematics in Ostrava [5]. Space complexity is similar to other
storage systems. Other systems for storage of sparse matrices can be founded in
[4]. Random access compression can be used to compress textual data also, see
[2]13].
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Abstract

The square of the recently proposed core function T's(z) of continuous
probability distribution F' is shown to express relative information contained
at x. The mean value of this function can be viewed as the mean information
of F' and the average information contained in single observation taken from
F.

1 Problem

We have an apparently simple question: What amount of information carries
an observed value z, a realization of random variable X with distribution F'?

Information has to be additive. Before some inference mechanism is ap-
plied, all items from an observed sample (z1,...,x,) should carry the same
amount of information, equal noticeably to the mean information of the sam-
ple, which is obviously the mean information of distribution F', generating
the sample. The question can be reformulated:

What is the mean information of a probability distribution?

Surprisingly, no generally accepted answer is at disposal.

2 Shannon information

Denote by f the density and by S the support of distribution F'. It is well
known that the Shannon answer
- 1

H(f) :;m )

f(xi)



fails in cases of continuous distributions with sharply peaked densities, since
in case it holds that f(x) > 1 for x € (z1,x2), the expression

H(f) = [ ~Inf(@)f(2) dr = Ey(~nf)

may be negative. The sharply peaked distributions should have, on the con-
trary, higher mean information as distributions with densities with broad
peaks. Mean information of the distribution is apparently inversely propor-
tional to its variance. This fact cannot be used for a definition of information,
however, as a variance of many so called heavy-tailed distributions is infinite.

3 Maximum likelihood

We begin with the standard solution of the parametric point estimation prob-
lem: Let us have a sample (z1, ..., z,,), a realization of independent identically
distributed according to Fy random variables X1, ..., X,,. Fy is a distribution
with density, whose mathematical form f(x|6) is known or assumed, apart
from an unknown parameter # € © C R,,. The task is to estimate the true
value 0y of € (which gives the ‘true’ distribution Fy,).

The relative probability of x; (the probability of an occurrence of z; in
a small interval around x) is the density f(z1]0) taken as a function of 6.
The simultaneous relative probability of (x4, ...,x,) is a function of 0,

L(0) =TT f (:]0),
called likelihood. Maximizing the likelihood or its logarithm

log L(0) = zn:log f(x;]0) = max.
i=1

one obtains 6 with the largest possible probability of € as the solution of
equation

i%éwzo' (1)

i=1

This 0 is so called maximum likelihood (ML) estimate. By the law of
large numbers, it converges to the true value 6, and, moreover, it has the
minimal possible asymptotic variance.

2



4 Likelihood score and Fisher information

Rewrite (1) into

iw@clwm ~0 (2)
where

Oln f(z]0)
0) = ———=. 3
Y(al) = L 3
At a fixed x, the function ¥ of 0 is known as the likelihood score. Consider
now ¢ as a function of x. The mean value of its square in point 6

J(0) = Ep(v*(x]0)) (4)

is the Fisher information of distribution F' about parameter #. The estimate
of J(6y) is obviously the value J(6) where 0 is the ML estimate of 6. The
famous Cramér-Rao theorem says that this value is inversely proportional to
the asymptotic variance of 0.

5 Outline of the solution

After the inference mechanism has been applied and we know 9 the value
wQ(xZW) is considered as the information about 6 contained in data item ;.
This observed’ information has a property that the information of a more or
less expected event is low and, on the other hand, an unexpected observation
carries high information. Its mean value, the Fisher information about the
true 6y, is the solution to our problem.

There is a serious obstacle of this project, however. Parameter 6 can be
a vector parameter and the Fisher information a matrix. How to obtain the
mean information in these cases 7 And what about a distribution F' which
has no parameter?

Our idea was a simple one: To determine the ‘central point” x* of dis-
tribution F, to define it as a parameter 7 : 79 = 2* and to consider the
parametric distribution with density f(z|7). In some cases, this distribu-
tion matches a known distribution, in other cases it does not. Sometimes, it



matches some distribution after its reparametrization. Finally, other param-
eters can be added to obtain a general family of distributions f(x|f) where
0 = (r,0,0s,...,0,,) and where o is the scale parameter (see [1]).

Naturally, the information function of f(z|#) should be the squared like-
lihood score for parameter 7 in its 'true’ value 7.

6 The central point of continuous distribu-
tions

Continuous distributions can be divided into two large groups.

The ‘central point’ of the distributions of the first group, which are dis-
tributions with density ¢(y) positive for any y € R (i.e. with whole support)
is, naturally, the maximum of the density. Taking it as a location parame-
ter, p = y*, we obtain density in the form g(y — u) or, in a general case,
gy — p,0,05...,0,).

In the other group there are the distributions which have densities positive
only on some interval S # R (with partial support). They may not have the
maximum in S, they may not have the mean. What is their ‘central point’
was not clear.

We noticed that the densities are in these cases usually in a mathematical
form

f(@) = g(p(@)) - & (x) (5)
where ¢ is the density of some distribution from the first group, ¢ : S — R
some one-to-one differentiable mapping and ¢’(x) = dy(x)/dz. Let us call
the ‘central point’ of a distribution the centre of gravity (in [1], we called it
the Johnson location). We construct it as follows: from (5) we determine g,
consider it as a ‘source’ distribution of f, find the maximum y* of g(y), set
u=y*, find

l'* — gpfl(y*)’

introduce the parameter 7 = x* and generalize or reparametrize f(z) into
f(z|7) or into a general parametric form

f(z|0) = f(z|r,0,05...,0,). (6)

Using the described procedure, any distribution can be written in a form
with parameter 7, expressing the centre point of the distribution.

4



7 Core function

Core function Ty introduced in [1] can be now defined as the inner part of
the likelihood score for the center of gravity in the form (formula (12) in [1])
_ Olog f(x|0)

@Tf(xw) = BT =y, (el (7)

Let us give some examples illustrating the introduced concepts and some
technical problems of the procedure described above.

Ezample 1. Exponential distribution has density f(z) = e *. It can be
rewritten into form (5) by
et =xe -,
x
which has form (5) with ¢(z) = Inz. The ‘source distribution’ and the core
function of it are given in Example in [1].

It should be said that other ¢ might be considered (as for example p(z) =
In®z). This leads, however, to a more complicated g in (5) and to more
complicated core functions of both distributions G and F. The principle of
parsimony says that the model should be as simple as possible. In the course
of time, densities of model distributions have been selected according to this
principle and we expect that the forms of core functions should obey the
same principle.

Example 2. Gamma distribution has density

R S P A
fralz) = F(a)x le™” = F(a)x e’ = (8)

Obviously, ¢(z) = Inz as well. The procedure described above leads to a
reparametrized form of gamma distribution

R AN 1
— = —ax/T |
Jral2) I'(a) <7’) ‘ T
with the centre of gravity 7 = a/7.

Example 3. Uniform distribution. The simplest decomposition of the
density f(z) =1on S =(0,1)is 1 = 2(1l —x) - ﬁ, giving o(r) = In ;%
and core function 7y(z) = 2z—1. The uniqueness of this result is questionable
even when considering the principle of parsimony. We conjecture, however,
that few distributions with no unique centre of gravity are better than many

distributions without mean.



8 Information function

Returning to the problem of the mean information of distribution F' or Fjy,
we suppose that function T7(z) or TF(x|f) is the information function of
distribution F' or Fy. It means that a point x € S of F or an observed
data item z; from Fy (after the inference mechanism was applied) carries
the relative information TF(x) or Tf(xl|é) In the latter case, 6 is the ML
estimate of the true value of 6.

Arguments supporting this conviction are as follows.

(i) Proposition. The center of gravity is the least informative point of the
distribution. (Proof: Let X be distributed by F' = Gp. For a given ¢ there
is a large class F' : {F, : F,, = G,p} of composite distributions with densities
fo() = gale(x)) ¢'(z). The term ¢'(x) is common to all these distributions
and, therefore, does not carry any information about X, and all information
contained in X is condensed in term g,(p(x)). This is minimal at the point
i Lgo(p(z)) = 0. By (5) one obtains & : “L(fu(z)/¢'(z)) = 0, which
reduces by Theorem 1 in [1] into Z : T}, (xz) = 0. The solution of the last
equation is the centre of gravity of F,, & = x*.)

(ii) Function
if(x) = Tf(z)

is a non-negative function, attaining its minimum i¢(z*) = 0 in the least
informative point of the distribution. Its increase in both directions is quick
if the distributions have unbounded core functions, which imply sharply to
zero tending density, for which some observed outlier values (values far from
the 'bulk’ of the data) have immense informative values: their occurrence
indicates a necessity of a change of the model. This increase is slow if the
distribution has a bounded core function which implies heavy-tailed density,
for which an observation of outlier value is more or less expected.

Density f(z|r,a) = %(x/&)_%_m/x, core function Ty(z|T, o) = a(1 —
7/z) and information function i;(z|7,a) = o*(1 — 7/2)? of the generalized
extreme value II distribution with support S = (0, 00) and values 7 = 2, o« =
3 are given on Fig.1. The zero of the core function, point z = 2, is the centre
of gravity of the distribution (different from the mode, mean and median).
The core and information function are ’semibounded’.
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9 Mean information of a distribution

The mean value of the information function,

Iy = Eg(if(x))

is an ‘inner part’ of the Fisher information of distribution F' for the most
important point of the distribution, its centre of gravity. Indeed, taking the
mean value of the square of equation (7) one obtains

Ty = Ey(2el6)) = ¢ (P E(THel0) = 0 (T (9)

We conjecture that Jy represents the mean information of distribution Fj.
Table 1 gives information functions iy(x) and their mean values Iy of
distributions given in Table 1 in [1].



TABLE 1. Information functions and mean information of some F's

Name f(z) if(x) Iy
FETY: 2
Normal %ﬂe*%(Tﬂ) (“”U;“) 1
Lognormal %ﬁe‘é o (z/7)” BIn*(x/7) 1
Gumbel et e (e= —1)? 1
2
Weibull g( z/7)Pe~@/m)’ ((x/T)ﬁ — 1) 1
Extreme val. 11 2l (1—1/x)? 1
Logistic (v tanh? (xéQ) 1/3
Log-logistic 1/(1 4 x)? (1) 1/3
2

Lomax a/(1+ )t o? (;—;) a?/3
Gamma ;21:) (w/T)otemo2/m o?(x/7 —1)? a
Beta B(zla,q)xpil(l —z) o+ Z)f — )’ e
Cauchy m W 1/2

Ezample 4. By (9) and Table 1, the information in a single observed
value taken from the normal distribution is J; = 1/0?, from the lognormal
distribution J; = ?/72%, from the log-logistic J; = $%/72 and so on. Using
the usual parametrization of the gamma distribution (see formula (8)), we
obtain the mean information of the gamma distribution expressed in usual
parameters by J; = a/7% = 7*/a.
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Abstract

Better recognition of speech signals require for new methods. This paper is
devoted to implementation of neural network technique in speech recognition
systems. We present an application of time delay neural networks (TDNN), to
processing a Slovak language. We study classification capabilities. Simulation
results are shown at the end of the paper.

1 Introduction

Speech recognition is a modern technology. It creates a new interface to ma-
chines and allows us to create natural aids for disabled people. Robust speech
recognition could be the answer to many technical problems. Speech recognition
and language processing is a modern expanding research field. It uses knowledge
of linguistics, signal processing and informatics. The task of speech recognition
system is to identify sound signals.

We are trying to develop algorithms that are universal and can be imple-
mented in a simple chip. These are preliminary results. We used an artificial
neural network (ANN) capability to learn patterns [1]. We choose Time Delay
Neural Network (TDNN) architecture which was introduced in [7]. It is a feed
forward neural network (FFNN). It is designed for large time dependent data.
The ANN capability of universal aproximation make them a universal method
for speech recogmition.



2 Speech recognition

To make make speech recognition (SR) possible we must use a Speech Recogni-
tion System (SRS) becouse of complexity of the task.

We have: Record signal, Digitize, Compute spectral features, classify time
frames, match category scores, measure confidence, output result.

In fact , we digitize the speech that we want to recognize (for telephone speech
the sampling rate is 8000 samples per second). Second, we compute features that
represent the spectral-domain content of the speech (regions of strong energy at
particular frequencies). These features are computed every 10 msec, with one
10- msec section called a frame. Third, a neural network is used to classify a
set of these features into phonetic- based categories at each frame. Fourth, some
search is used to match the neural-network output scores to the target words
(the words that are assumed to be in the input speech), in order to determine
the word that was most likely uttered (for example Viterbi algorithm). We are
traning network to recognize the phonemes of Slovak language. That is our
standard SRS. To create such a system we use the SNNS.

3 SNNS

SNNS (Stuttgart Neural Network Simulator) is a simulator for neural networks
developed at the Institute for Parallel and Distributed High Performance Sys-
tems (Institut fiir Parallele und Verteilte Hochstleistungsrechner, IPVR) at the
University of Stuttgart since 1989. The goal of the project is to create an ef-
ficient and flexible simulation environment for research on and application of
neural nets.

The SNNS simulator consists of four main components : Simulator kernel,
graphical user interface, batch simullator version snnsbat, and network compiler
snns2c. The simulator kernel operates on the internal network data structures of
the neural nets and performs all operations on them. The graphical user interface
XGUI, built on top of the kernel, gives a graphical representation of the neural
networks and controls the kernel during the simulation run. In addition, the
user interface can be used to directly create, manipulate and visualize neural
nets in various ways. Complex networks can be created quickly and easily. The
free code of program makes possible take a part at developing the system. We
plan re-design system for our needs.

4 TDNN

Time delay networks (or TDNN for short), introduced by Alex Waibel [7], are a
group of neural networks that have a special topology. They are used for position
independent recognition of features within a larger pattern. A special convention
for naming different parts of the network is used here (see figure 1).

Feature: A component of the pattern to be learned. Feature Unit: The unit
connected with the feature to be learned. There are as many feature units in
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Fig. 1. The naming conventions of TDNNs

the input layer of a TDNN as there are features. Delay: In order to be able
to recognize patterns place or time-invariant, older activation and connection
values of the feature units have to be stored. This is performed by making a
copy of the feature units with all their outgoing connections in each time step,
before updating the original units. The total number of time steps saved by this
procedure is called delay.

Receptive Field: The feature units and their delays are fully connected to
the original units of the subsequent layer. These units are called the receptive
field. The receptive field is usually, but not necessarily, as wide as the number of
feature units; the feature units might also be split up between several receptive
fields. Receptive fields may overlap in the source plane, but do have to cover all
feature units.

Total Delay Length: The length of the layer. It equals the sum of the length
of all delays of the network layers topological following the current one minus
the number of these subsequent layers.

Coupled Links: Each link in a receptive field is reduplicated for every sub-
sequent step of time up to the total delay length. During the learning phase,
these links are treated as a single one and are changed according to the average
of the changes they would experience if treated separately. Also the units’ bias
which realizes a special sort of link weight is duplicated over all delay steps of a
current feature unit. In figure only two pairs of coupled links are depicted (out
of 54 quadruples) for simplicity reasons.



4.1 The algorithm

The activation of a unit is normally computed by passing the weighted sum of
its inputs to an activation function, usually a threshold or sigmoid function. For
TDNNSs this behavior is modified through the introduction of delays. Now all the
inputs of a unit are each multiplied by the N delay steps defined for this layer.
So a hidden unit in figure would get 6 undelayed input links from the six feature
units, and 7x6 = 48 input links from the seven delay steps of the 6 feature units
for a total of 54 input connections. Note, that all units in the hidden layer have
54 input links, but only those hidden units activated at time 0 (at the top most
row of the layer) have connections to the actual feature units. All other hidden
units have the same connection pattern, but shifted to the bottom (i.e. to a
later point in time) according to their position in the layer (i.e. delay position in
time). By building a whole network of time delay layers, the TDNN can relate
inputs in different points in time or input space.

Training in this kind of network is performed by a procedure similar to back-
propagation, that takes the special semantics of coupled links into account. To
enable the network to achieve the desired behavior, a sequence of patterns has
to be presented to the input layer with the feature shifted within the patterns.
Remember that since each of the feature units is duplicated for each frame shift
in time, the whole history of activations is available at once. But since the shifted
copies of the units are mere duplicates looking for the same event, weights of the
corresponding connections between the time shifted copies have to be treated as
one. First, a regular forward pass of backpropagation is performed, and the error
in the output layer is computed. Then the error derivatives are computed and
propagated backward. This yields different correction values for corresponding
connections. Now all correction values for corresponding links are averaged and
the weights are updated with this value.

This update algorithm forces the network to train for time/position indepen-
dent detection of sub-patterns. This important feature of TDNNs makes them
independent from error-prone preprocessing algorithms for time alignment. The
drawback is, of course, a rather long, computationally intensive, learning phase.

The original time delay algorithm was slightly modified for implementation
in SNNS, since it requires either variable network sizes or fixed length input
patterns. Time delay networks in SNNS are allowed no delay in the output
layer. This has the following consequences:

The input layer has fixed size.

Not the whole pattern is present at the input layer at once. Therefore one
pass through the network is not enough to compute all necessary weight changes.
This makes learning more computationally intensive.

The coupled links are implemented as one physical (i.e. normal) link and a
set of logical links associated with it. Only the physical links are displayed in
the graphical user interface. The bias of all delay units has no effect. Instead,
the bias of the corresponding feature unit is used during propagation and back-
propagation.



4.2 Activation Function

For time delay networks the new activation function Act-TD_Logistic has been
implemented. It is similar to the regular logistic activation function Act_Logistic
but takes care of the special coupled links. The mathematical notation is again

1
1 + e_(21 wijai(t)—ej)

where o; includes now also the predecessor units along logical links.

aj(t+ ].) =

(1)

4.3 Update Function

The update function TimeDelay_Order is used to propagate patterns through a
time delay network. It’s behavior is analogous to the Topological Order function
with recognition of logical links.

4.4 Learning Function

The learning function TimeDelayBackprop implements the modified backpropa-
gation algorithm discussed above. It uses the same learning parameters as stan-
dard backpropagation.

5 Analysis and implementation of the SRS

When using a standard based system for SR (for example HMM), the probability
of a speech unit w(i) given the observation O is given according to Bayes’s rule. In
our phoneme recognition system each phoneme of the database is represented by
a model consisting of one or more states. Each state of the model consist of one
neural network, which is used to predict the recurrent observation vector given
one past observation vector. The neural networks of eache model are trained
with the backpropagation / TimeDelayBack propalgorithm in order to minimize
the prediction error the neural nets.

6 Experiments

Creating a test system to prove TDNN capability towe based on SNNS that
enables eficient work. We created many test networks to obtain the network
with best results of learning time.



6.1 Data

As a training and testing data we used our small database which was inspired
TUKE2 sound library of human voices. We trained Slovak phonemes .

Phoneme|PAS I|PAS II|Phoneme|PAS I|PAS II
a a a m M mg
a 4 aa n n n
a a ae n n
b b b n N ng
¢ ¢ ch n i nj
d d d o o) o
d d dj o} 6 00
e e e r r r
é é ee r R rx
f f f f r T
g g g S S S
h h h $ $ $h
X X X t t t
i i i u u u
i i ii i
ia A ia ua ua uu
ie E iu w w W
j i z 2 | 7
iu U iu W W w
j i Z 7 | 7

Table 1. PAS phonetic alphabet for Slovak language

6.2 Results
Test |Training| Number of Number of Number of
patterns|patterns|input neurons|hidden neurons|output neurons
NN 92% 99% 100 50 26
TDNN| 95% 98% 150 50 26

Table 2. Results of training of neural networks



7 Conclusions

We proved the posibility of creating a speech recognition system based on artifi-
cial neural network. We trained networks with Standard Feed Forward and Time
Delay architecture. TDNN provided good recognition capabilities of large time
dependent data. The results show a large time requirements to train networks.
Advantage comparing to other systems is accuracy and scalability. At present
time the neural network algorithms have disadvantage of large consumption of
time and memory. So there are algorithms that try to compress amount of input
data with little of noise to reduce the data flow. We would like to test other
algorithms of speech recognition. Our next experiments will be training a hybrid
systems, containing a neural network and Hidden Markov model (HMM).
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1 Motivacia

Sucasna doba je zasiahnutd informacnou expléziou. Mnozstvo informacii sa
zvysuje a je ¢oraz fazsie ndjst relevantné informécie. Jednou z metdd sémantického
webu je hladanie podobnosti medzi objektmi, a to v najroznejSom slova
zmysle (spomenime napriklad editaéni vzdialenost’, synonymitu slov alebo
kosinusovi metriku vo vektorovom modeli). Pomocou takejto podobnosti sa

tak vytvoria zhluky (tzv. clustre), ktoré vyrazne pomahaji zorientovat sa v
spleti na prvy pohlad rovnocennych objektov.

Prirodzeny jazyk, ktory pouzivame na vyjadrenie otdzok vyuzivajucich takéto
podobnosti, je vagny. Na modelovanie tejto neurcitosti moézeme pouzit’ fuzzy
pristup (vid [1]). Pri fiom uz neplati, ze objekt atribit bud’ mé alebo nem4,
ale ma ho do urcitej miery, v ur¢itom stupni vyjadrenom c¢islom z intervalu
[0,1]. Takto mozeme aj neciselné atribity objektov vyjadrit ¢islami a na
takéto hodnoty aplikovat prepracované metédy vyhladdvania.

Jednym zo sposobov urcovania podobnosti je vyuzitie metriky, t.j. vzdia-
lenosti medzi objektmi. (Takdto bindrna funkcia musi spliiaf nezapornost
(d(z,y) > 0), reflexiu (d(z,y) = 0 prave vtedy, ked x = y), symetriu
(d(z,y) = d(y,x)) a trojuholnikovi nerovnost (d(x,2) < d(z,y) + d(z, 2))
([2]). Ak ma naviac metrika d svoje funkéné hodnoty v intervale [0, 1], tak
funkcia s definované s(x,y) = 1 — d(z,y) dobre vyjadruje podobnost.



Jednou z metdéd hladania podobnosti na mnozine objektov majicich isté
atributy je pouzitie konceptudlnych zvazov ([3]). V ¢lanku [4] sme ukézali
metodu fuzzifikacie konceptudlnych zvazov, prostrednictvom ktorej sme defi-
novali isti metriku (a tym aj podobnost) na mnozine objektov.

Konceptudlnymi zvézmi sa zaoberali aj Rice a Siff v ¢lanku [5]: Predstavme si
tabulku, ktorej riadky st objekty z mnoziny O a stipce st atributy z mnoziny
A. V kazdom policku je ¢islo 1 alebo 0, ktoré hovori, ¢i dany objekt prislusny
atribiit mé alebo nemd. Objekt tak mozno pokladat za mnozinu jeho atribi-
tov (i ked takto ekvivalentné objekty splynt). Rice a Siff na mnozine P(A)

zaviedli distanéni funkciu dvoch objektov (¢ize mnozin) p(P, Q) = ||];ﬁg|| =

1— Iiggl a ukazali, ze to je metrika. Thito funkciu potom vyuzili pri vytvarani

zhlukov objektov.

Ak v polickach tabulky nie si len nuly a jednotky, ale ¢isla z intervalu [0, 1],
ku kazdému atributu tak vyjadrime stupen, v ktorom ho prislusny objekt
méa. Kazdy objekt je tak charakterizovany fuzzy mmnozinou, ¢o je vlastne
funkcia z mnoziny A do intervalu [0, 1], resp. (v pripade kone¢ného poétu n
atributov) vektor z [0, 1]™. V tomto ¢lanku zovSeobecnime Riceho a Siffovu
metriku na takéto vektory, ba dokonca sa ukaze, ze tato metrika funguje
pre Tubovolné vektory s nezdpornymi zlozkami. Tato metrika sa vzhl'adom
na jednoduchost svojej definicie Tahko vyéisluje a mozno ju pouzit (napr. na
indexovanie) v Tubovolnom modeli typu objekt-atribit (alebo nejakej jeho
casti) s lubovolnymi nezdpornymi hodnotami.

2 Metrika

Definujme funkciu d : (R ;)* = Ry takto:

Zie{l,...,n} min{a;, b; }
Zie{l,...,n} max{a;, b; }
d({0,...,0%,(0,....0)) =0

Vsimnime si, Ze tato funkcia je v §pecidlnom pripade, ked” maju vektory len
hodnoty 0 alebo 1, totozna s metrikou Riceho a Siffa.

d({ay, ... an), (br,. .. bp)) =1 —

Veta 1 Funkcia d je metrika.



Dokaz:

Nezapornost a reflexia st zrejmé a symetria d vyplyva zo symetrie funkcii
min a max. Takisto je tvrdenie zrejmé v pripade, ze je niektory z vektorov
nulovy. Dokédzeme, ze pre nezdporné a nenulové vektory a = (ay,...,a,),
b= {b1,...,by) ac={cy,...,c,) plati d(a,b) + d(b,c) > d(a,c).
Predpokladajme najprv, ze pre kazdé i € {1,...,n} plati 0 < a; < b; < ¢
alebo a; > b; > ¢; > 0. Ozna¢me P C {1,...,n} mnozinu tych indexov i,
pre ktoré plati a; < b; < ¢;, pre ostatné indexy i z Q = {1,...,n} \ P musi
platit a; > b; > ¢;, nie viak a; = b; = ¢;.

Oznacme dalej Ap = Y7, pai, Ag = Y i @i, Br =2 icpbi, Bo =2 e bis
Cp=7> wepCiCqo= ZiEQ ¢, zrejme Ap < Bp < Cp a Ag > By > Cg.

Potom

d(a,b) =1 — S

.....

diepmin{a;, b} + 37, omin{a;, b}
ZiEP max{a;, b;} + ZieQ max{a;, b; } B
ZiePa’i + Zz‘eQ bz _1_ AP —+ BQ
ZieP bi + Zz’eQ a; Bp + AQ’

—1—

=1

analogicky

Bp—f-CQ
d(b =1-—= d =1
) =1- 208 dlao

_Ar+ G
Cp+Ag

Chceme teda ukdzat, Ze
1_AP+BQ n 1_BP—|—CQ > 1_AP+CQ .
BP+AQ CP+BQ CP+AQ

Oznacme dalej t = Ap > 0, u = Bp — Ap > 0, v = Cp— Bp > 0 a
r=Cg>0,y=Bg—Cg>0,2=Ag— Bg >0, potom chceme

(1_u+£ﬁfgﬁg+@)+(l_@+£:tﬂii+W)Z
= (1_ (t+u+vl)fig(cx+y+z))'




Sublema 1 Ak0<a<b, b#0 ax >0, tak plati § < ¢

Dékaz: Ak by § > =, tak ab + ax > ba + bz, z ¢oho 0 > (b — a)z — spor.

Pouzitim tejto lemy dostavame
(1_ t+ (z+y) )+(1_ (t+u)+x )2
t+u)+(r+y+2) (t+u+v)+ (z+y)

B (t+(x+y)+ t+u)+x)+ 2 B
Z<1 ((t+u)+(:c+y+z ) ( t—l—u+v)+(:c—i—y))+z)_
(t+x+y+v )+ (t+u+z+2)

(truto)+(@tyrte)
_ttutvtrtytz t+x

t+ut+v+z+y+z (t+u+v)+(x+y+2)
tl+x
t+u+v)+(x+y+2)

¢o sme chceli dokazat.

Teraz rozoberme vseobecny pripad, t.j. ze a,b, ¢ € R4 0\ {(0,...,0)}. Oznac-
me P C {1,...,n} mnozinu tych indexov, pre ktoré plati a; < ¢;, pre indexy
iz Q={1l,...,n}\ P potom musi byt a; > ¢;. Mnozinu P rozdelme na tri
disjunktné ¢asti podla umiestnenia b;:

e i € Ppac prave vtedy, ked b; < a; < ¢;,
e i € Pypc prave vtedy, ked a; < b; < ¢;,

e i € Pycp prave vtedy, ked a; < ¢; < b;,
analogicky rozdelme () na tri disjunktné casti:

e i € Qpca prave vtedy, ked b; < ¢; < ay,
e i € Qcpa prave vtedy, ked ¢; < b; < a;, ale nie ¢; = b; = a,,

e i € Qcap prave vtedy, ked ¢; < a; < b;.



Definujme f = (f1,..., fu), 9 =91, -, 9n) a h = (hy,..., hy,) takto:

f=d ak i € Pypc U Pacp UQpcaUQcpa,
' bi, aki € PpacUQcap,

a;, aki € PgacUQcap,
gi=14q b, aki € PapcUQcBa,
ci, aki € PacpUQ@pBca,

o bi, ak i€ PyopU@Bca,
' ¢, ak i€ PpacU PapcUQepaUQcas,

Vsimnime si, ze pre kazdé i je (f;, g;, h;) permutéciou (a;, b;, ¢;). Naviac pre
1 € Pgac U Papc U Pyop = P plati 0 < f; < g; < h; a pre zvysné i €
QpcaUQepaUQcap = Q zas f; > g; > h; > 0. Podla predchidzajiicej casti
teda pre vektory f, g a h plati d(f,g)+ d(g,h) > d(f,h).

Ukéazeme, ze d(f,h) > d(a,c), d(f,g) < d(a,b) a d(g,h) < d(b,c), z ¢oho uz
vyplynie ziadané d(a,b) + d(b, c) > d(a, c).

A(f, ) =1 — e

.....

ZiEPBAC min{ fi, hi} + ZiePABC min{ fi, hi} + Zz‘ePACB min{ f;, hi} +
ZiGPBAc max{fl-, hl} + ZZ’GPABC max{fl-, hl} + ZiEPACB max{fi, hz} +
+ ZiEQBCA min{ f;, hi } + Zz’eQCBA min{ f;, h;} + ZichAB min{ f;, h} _
+ Zz‘eQBcA max{ fi, h;} + ZiEQCBA max{ f;, h;} + ZieQCAB max{ f;, h;}
ZiEPBAC min{b;, ¢;} + Zz’ePABc min{a;, ¢;} + Zz’ePAcg min{a;, b;} +
Zz‘ePBAc max{b;, c;} + ZiEPABC max{a;, ¢} + ZiePACB max{a;, b;} +
+ Zz’eQBcA min{a;, b;} + Zz’chBA min{a;, ¢;} + Zz’chAB min{b;, ¢;} _
+ ZZEQBCA max{ai’ bi} + ZiEQCBA max{ai’ Ci} + ZiEQCAB max{bi’ Ci}
ZiGPBAc bl + ZiGPABC @ + ZZ'GPACB a; +

ZZ’GPBAC Ci + ZiGPABC Ci + Z:Z'GPACB bl +

+ Z-HEQBCA bi + ZZEQCBA Ci + ZZEQCAB Ci
+ Z+i€QBCA a; + ZiEQCBA a; + ZiEQCAB bi

=1-—

—1—

—1—

>



Zz‘ePBAC a; + Zz‘ePABC a; + ZiePACB a; +
Zz‘ePBAC Ci + Zz‘ePABC ¢ + ZiePACB G +

+ ZZEQBCA i + ZiGQCBA G+ ZiEQCAB Ci
+ ZiGQBCA a; + ZiGQCBA a; + ZZEQCAB @i

(pretoie ZZEPBAC b < ZiGPBAc @i, Zz’ePAcB,bi 2 ZiGPACB Ci, Zz’EQBCA bi <
ZieQBCA ¢ a ZZ’GQCAB b; > ZiEQCAB a;), a dalej

Doiep @i T D ieq G

>1-—

>iepmin{a;, ¢} + 2o minfay, ¢}

D iep Cit ZieQ @i > iep max{a;, ¢i} + Zz‘eQ max{a;, ¢;}
Zz’e{l ..... n} min{a;, ¢; }
=1- =d(a,c).
Zie{l ..... n} max{a;, ¢; }
Dalej

d(fug)zl_ ..... =

ZiEPBAC min{fl-, gi} + ZiGPABC min{fi’ gi} + ZiEPACB min{fi, gi} +
Y icppac MaxX{fi, git + D icp, po max{fi, gi} + D i p, o, max{ fi, g} +
+ D icopes W{fi, gi} + 3o, M fi g} + X ico. ., min{ fis gi}

+ D icopes ML fis Gt + D icoon, MaX{ fis 9i} + D icoon, max{ fi, gi} B
D icpgao b, ait + 3 icp, o min{ai, bi} 4+ 3 p, o, min{ag, ¢} +
> ieppac Max{bi, ait + 37, cp max{a;, b} + > icp, ., max{a;, i} +
+ Dicope, min{ai, i} + 300, min{a;, bi} + 30, 0 min{b;, a;}

T ZiEQBCA max{a;, ¢;} + ZichBA max{a;, b;} + ZieQCAB max{b;, a;}
2icPpac Vi ¥ 2iepape G T 2icpiop % T

2iePuac @+ Diepape Uit Diepaen G F

+ D ic@uen G T 2ic@opa Ui ¥ 2icqoas
+ Dic@pes G T 2icona G T 2icoag Vi
2icPiac Vi T 2iepape G+ Dicpyon % T
2icPpac Ui T 2icPape Vi T 2iepsey bi T

—1-

=1—

—1-

<

<1-




+ ZiGQBCA bi + ZiGQCBA bi + ZZEQCAB @i
+ ZiGQBCA a; + ZiGQCBA a; + ZiEQCAB bi

(pretoze Y icp, . Ci < D icpaon Ui & 2 icOpon Ci = D icQpen Vi), & dalej

ZiGPBAC min{ai’ bi} + ZZEPABC min{ai’ bi} + ZiEPACB min{ai, bi}+
Y ieppae max{a, bit + 3 p o max{a;, bi} + > p, . max{a; b;}+

+ ZiEQBCA min{ai’ bi} ™ ZZEQCBA min{ai’ bi} + Zz‘eQCAB min{ai, bz‘} .
_'_ ZZ'GQBCA maX{ai’ bz} _'_ ZiGQCBA ma‘X{aia bl} + ZiEQCAB maX{a’ia bl}

—1—

=1- = d(a,b).

.....

Vztah d(g, h) < d(b, c) dokdzeme analogicky.
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Abstrakt
Tato praca sa zaobera popisanim moznosti analyzovania a dokazovania bezpeénosti
kryptografickych protokolov. Analyzuje ISAKMP /TKE protokol pouzitim BAN
logiky a analyzatora SPEAR2.

1 Uvod

Rozsirujice pouzivanie Internetu prindsa bezpeénost komunikécie do pozornos-

ti verejnosti. Zachovanie bezpecnosti informaécii posielanych prostrednictvom
pocitacovych sieti vSak nie je len ochranou udajov elektronického bankovnictva,

ale existuju aj iné chulostivé informécie, ktoré si vymienaju firmy navzdjom
medzi sebou. Ich ziskanie by mohlo maf velky vyznam pre konkurenciu. Z tychto
dévodov sa jednotlivé spravy sifruji pomocou kryptografickych algoritmov. Vsetky
algoritmy si zalozené na pouziti nejakého kliéa, na ktorom sa odosielatel a prijimatel
dohodli. Préve na dohodnutie klicov sa pouzivaji kryptografické protokoly,

o bezpecnosti ktorych sa zaoberame v tejto préci.

Ulohou tejto prace je popisanie moznosti dokazovania bezpeénosti kryptografic-
kych protokolov a ich uplatnenie pri posideni bezpeénosti kryptografickych pro-
tokolov.

2 Protokoly

Protokol je koneénd postupnost posielanych sprav.

Pocas vykondvania protokolu (spojenia), icastnici komunikuji sprévami v po-
radi ako je definované v protokole. Avsak v skuto¢nosti icastnici mézu niektoré
spravy poslat simultdnne a prenos tychto sprav sa moze prekryvat v éase (spravy
mozu absolvoval rozne cesty, aj ked sa tykajd tych istych ucastnikov).

V poéitacovych siefach komunikujice strany nezdielajii len médium (prenosovy
kandl), ale aj mnozinu pravidiel na komunikdciu. Tieto pravidld, protokoly,



sa v dnesnej dobe stavaju stale doleZitejsimi v komunikaénych siefach. LenZe
zvySovanie mnozstva informéacii o komunikaénych protokoloch vyvolava zvyseny
zaujem o otdzky ako zabezpeéit komunikéciu pred ,,votrelcami®, titoénikmi.

Kryptografické protokoly st $pecidlnym druhom protokolov. Zakladnymi ilohami
[10] kryptografickych protokolov st vymena klicov (vSeobecnejsie manazment
klucov) a autentifikdcia. Cielom autentifikicie je zarucenie identity Gcastnika.
Cielom vymeny klica je dohodniif medzi icastnikmi kiu¢, ktory bude pouzivany
v dalsej komunikacii medzi nimi, na sifrovanie posielanych tidajov.

Kryptografické protokoly boli vyvinuté na boj proti utokom votrelcov v pocéitacovych
sietach. Dnesné chépanie bezpeénosti je, ze bezpeénost idajov sa mé spoliehat
na kryptograficki technolégiu, a Ze protokoly by mali byt otvorené a dostupné.
Povodnd predstava o kryptografickych protokoloch bola zaloZzené na tom, ze ich
bezpeénost zdlezi na sposobe pouzitého sifrovania (a jeho sile, dizke pouzitého
kiﬁéa). Avsak, velké mnozstvo protokolov sa ukézalo napadnutelnych tdtokom
nie ziskanim kldca prelomenim kryptografického algoritmu, ale manipuldciou
posielanych sprav v protokole k ziskaniu nejakych vyhod.

Mozné utoky [5], presnejsie utocnikov, mozeme podia spdsobu pripojenia

rozdelif na: odpocivatel (eavesdrop) - zachyti a posle nezmenenu spravu, pre-
rusitel (intercept) - zachyti sprévu a neposle ni¢, napodobitel (fake) - posle
vlastni novid spravu, modifikdtor (modificate) - zachyti spravu a posle zme-
nenu.
Konkrétne toky na protokol mézu byt zlozené aj z viacerych typov utoénikov,
napriklad najprv ttoénik méze odpoéivat, a ak sa mu podari ziskat dost in-
formécii, posle novii (alebo modifikovanii) spravu. Dalsim typickym ttokom je
odpocutie spravy, a nasledné zopakovanie tej istej spravy.

3 Formalna analyza

Chyby nachddzané v roznych kryptografickych protokoloch viedli k uvaham
o moznosti formalne dokazovat vlastnosti-bezpeénost protokolov.
Zakladné otazky - problémy, na ktoré hladdme odpovede, su:

1. Co protokolom dosiahneme? Robi to, ¢o chceme?
2. Aké predpoklady vyzaduje protokol? Potrebuje ich viac ako iné protokoly?
3. Robi protokol nie¢o redundantné (nadbytocéné kroky, resp. sprévy)?

Na pomoc v sti¢asnosti existuje viacero dokazanych a pouzitelnych forméalnych
technik. Rozdelit by sme ich mohli do 3 skupin [9]:

— metddy konstruugice odvodenie (Inference-construction methods) - vyuzivaju
modélnu logiku. Najzndmejsie si BAN [1] a GNY [4].

— metddy konstruujice utok (Attack-construction methods) - vytvaraji mnozinu
moznych ttokov zalozent na algebraickych vlastnostiach algoritmov pouzitych
v protokole.



— metddy konstrugice dokaz (Proof-construction methods) - poktisaji sa odstranit
exponencionilne vyhladdvanie metéd konstruujtcich dtok formélnym mode-
lovanim vypoctov spracovanych v protokoloch a dokazovanim hypotéz o tychto
vypoctoch. Najzndmejsie je AAPA, zatial vo verzii 2 [2].

Kryptografické logiky mézu byt pouzité tiez na explicitné popisanie vyvoja vi-
er pocas jedného spojenia protokolu, tykajicich sa obsahu sprav, poctu sprav,
pomahajic odhalit minimalny poéet sprav potrebnych na dosiahnutie stanovenych
cielov.

BAN logika vyvolala zrod mnozstva pribuznych logik, kazda sa snazila nieco
vylepsit alebo pridat podstatné predpoklady. Kazda mé svoje vyhody, nevyhody
a vlastné zaujmy.

My sa budeme podrobne zaoberat metédami konstruujicimi odvodenie.

3.1 Ohranicenia formalnych metéd

Ziadny systém nebude nikdy 100% spolahlivy. Systém nikdy nie je spusteny
v izolécii, pracuje v nejakom prostredi. Formalna Specifikacia systému musi vzdy
obsahovat predpoklady kladené na toto prostredie. Dokaz korektnosti je platny
len vtedy, ked tieto predpoklady st dodrzané. Takze, akonghle nie je nejaky pred-
poklad splneny, vsetky dokazy st neplatné. V skuto¢nosti, na zdolanie systému
sikovny ttoénik zisti ako sa tieto predpoklady daji porusit.

Metédy formélnej analyzy kryptografickych protokolov, nemozu zaruéit, Ze pro-
tokol je naozaj bezpetny. To, o zarucuju je, ze protokol je korektny, v sulade
s formalnym aparatom, ktory logika poskytuje. V kazdom pripade vSak tispesna
analyza zvySuje doveru k protokolu.

3.2 SPEAR 2

Security Protocol Engineering and Analysis Resource, SPEAR bolo vyvinuté
roku 1997 panmi Paul de Goede, J.P. Bekmann a Andrew Hutchison. Na samotnt
analyzu vyuziva logiku GNY a volania prologu - protokol pretransformuje do
stiboru v jazyku prolog (v tomto jazyku si popisané vsetky odvodenia), a nésledne
spusti interpreter jazyka prolog (odporicany je volne &fritelny (licencia GPL2%)
program SWI-Prolog, momentélne vo verzii 3.4.1, vytvoreny v roku 2000 na Am-
sterdamskej univerzite).

Samotna analyza spoc¢iva v zadefinovani protokolu pomocou néstroja GYPSIE,
pociatoénych vier ako aj cielov vo Visual GNY (¢o je sticast GYPSIE), dalej
spustenie analyzatora GYNGER, ktory protokol zapiSe v syntaxi prologu a spusti
analyzu. Na analyzu je sice standardne pouzitd logika GNY (zapisana v sibore
gny.pl), ale mozno pouzit aj iné logiky (pripadne pridat ¢i upravit niektoré
pravidld). Vysledok je potom zase graficky zndzorneny (¢o sa podarilo dokazat
- uvedené takisto odvodenie, a ¢o nie).

1 General Public License



4 IKE

4.1 IKE protokol

Internet Key Exchange (IKE) je akousi protokolov SKEME a Oakley, ktoré
pracuju v rdmeci protokolu ISAKMP (Internet Security Association and Key Man-
agement Protokol). ISAKMP predstavuje systém na vytvorenie bezpec¢nych aso-
cidcii (konkrétne bezpecné spojenie) a kryptografickych klucov, ale nepredpisu-
je nijaky konkrétny autentifikaény mechanizmus, teda je pouzitelny s velkym
mnozstvom bezpec¢nostnych protokolov. Oakley, naproti tomu, je sprievodcom,
protokolom dohovoru kliéa, ktory generuji obidve strany spolu. IKE dokument
popisuje ako modze byt Oakley protokol pouzity ako konkretizacia ISAKMP pro-
tokolu.

Cielom tohto protokolu je zabezpecit, ze dohodnuta bezpecnostné asocidcia (Se-
curity Association, dalej len SA) je dbévernd, a zndma iba dvom tucastnikom
vymeny, a ze tito Gcastnici si naozaj tymi, za ktorych sa vydavaju.

Oakley moze byt pouzity v styroch rezimoch: zékladny (main), agresivny (aggre-
sive), rychly (quick) a najnovsie aj skupinovy (group). Jednotlivé rezimy sa lisia
v sposobe uplatnenia bezpec¢nosti jednotlivych faz, resp. zlicenia prvej a druhej
fazy (v rychlom rezime). IKE je kombindciou mnozstva subprotokolov. V prvej
faze méame na vyber z 8 protokolov, 2 rezimov a 4 autentifika¢nych metéd. Druha
faza nam pontka 4 protokoly. V tejto praci sa zameriame len na prvia fazu pro-
tokolu, kedze t4 je podstatnd, pri nej sa autentifikuji komunikujici déastnici, do-
hodne sa sposob a kltice pouzivané v druhej faze. Druh4 faza ndm len zabezpecuje
cerstvost kltcov, a jej bezpeénost je silne zavisla (vébec nemdzeme hovorit o
bezpecnosti druhej fazy, ak pouziva klaé, ktory nepovazujeme za bezpeény, teda
dohodnuty bezpecnou prvou fazou) od bezpeénosti prvej fazy.

Dopredu dohodnuty master-klté, pomocou ktorého sa dohaduje spojenie medzi
tcastnikmi moéze byt symetricky, vtedy hovorime o autentifika¢nej metéde PSK
(pre-shared key), dohodnutom symetrickom kldéi.

PSK - pre-shared key, dohodnuty symetricky klné

Dohodnuty symetricky k¢ je oznaceny K IR. Potom hash funkcie pouzivané na
kontrolu HASH; = HASH(KIR,N;,Ng), HASHr = HASH(KIR, Ng, N;).
Zakladny rezim popisuje nasledujici zapis protokolu:

1. I — R: HDR, SA;
R—IT:HDR,SAR

I > R:HDR,KE;, N;
R—I:HDR,KEp, Ny

I — R:HDRx,ID;;, HASH;
R—1:HDR+,ID;p, HASHg

S Wi

Agresivny rezim:

1. I R: HDR, SA],KE[,N],ID[[
2. R—I:HDR,SAr,KEg, N, ID;p, HASHp,
3.1 —-R:HDR,HASH;



4.2 Analyza agresivneho rezimu IKE protokolu BAN logikou

V 1 metéde autentifikicie PSK IKE protokolu dokazeme, ze agresivny rezim
prvej fazy je bezpeény. Samotna analyza je zalozend na myslienkach a ideach
Kai Martiusa[6]. Dodefinujeme, rozsirme zékladni BAN logiku, o vlastnosti:
has - mat nejaki formulu (ide o rozéirenie sees, kde mat mézeme aj nejaké
kliée na zaciatku ako predpoklady, neskor vietko ¢o ,,vidime, uz méme).
says - ,,hovori“, teda povedal nieco ¢erstvé.
Chceme dokézat, ze tcastnici boli autentifikovani, dohodli si kI, ktory je pre
dané spojenie cerstvy.
Vlastnictvo kluca:

Thas K (4.1a)

Rhas K (4.1b)

Viera, ze druhy tcastnik ma klac:

I E Rsays K (4.2a)
R EIsays K (4.2b)

Vhodnost klaéa (to ze je dohodnuty na komunikdciu medzi icastnikmi I a R):

IEI<SR (4.3a)
REISSR (4.3b)

Poslednym cielom je ¢erstvost kluéa:

TE4(K) (4.4a)
RE§(K) (4.4b)

V tejto metéde je KIR dohodnuty symetricky klué. Predpoklady zahfiiaji
vlastnictvo dohodnutého kluca, vieru, ze je vhodny, a vieru vo vlastnictvo a v ¢erst-
vost vlastnych parametrov:

IThas KIR

Ter &8 R

(
(
I'Eﬁ(KEIaNIaSAI) (
I has {KE[,N],SA[} (

Rhas KIR (

ReT&ER (4.
R 'E ﬁ(KERa NR) SAR) (4
Rhas {KER,NR, SAR} (4



Vyslednym, dohadovanym klicom je kli¢ K = h(KIR, N7, Ng) (def.), ktory je
vytvoreny jednosmernou funkciou (oznacenou ako h) z formil KIR, Ny, Ng. Na
vypocet klica potrebujeme dodefinovat este pravidlo, ktoré hovori, ze z dopredu
dohodnutého kitca K TR, pouzitim funkcie, ktorej jednym z parametrov je prave
vhodny kité KTR, dostaneme zase vhodny kli¢ medzi dcastnikmi:

PP &E(Q, Phas F(KIR, X)

PEP F(KIR,X) 0
Samotna analyza pozostava z postupného odvodzovania posielanych sprav:
1. I—-R: {SA],KE[,N],ID[[}

— R« (SA[,KE[,N[,ID[]) —
— Rhas (SA],KE],N[,ID]]) (414)

(4.13)

(4.14), (4.5) => Rhas HASH(KIR,N;,Ng) 2L (4.15)
41b: %L Rhask

43b: (4.10),(415) 2 =1 SR
4.4b: (4.11),def. = R E {(K)

Postupne st takto odvodené vsetky ciele.

4.3 Analyza IKE protokolu v prostredi SPEAR

Na analyzu protokolu dalej potrebujeme definovat predpoklady - pociatoéné
viery a vlastnictvo, ciele a rozsirenia formul. Pociato¢né viery a ciele st obdobné
ako pri analyze pomocou BAN logiky. Pociatocné viery a ciele pre tcastnika [
st zapisané v GNY logike to znamena:

1> S KIR,N;,SA;, KE;,IDjy ... veri, ze vlastni vlastné komponenty a dopre-

du dohodnuty klué

11 SEE R L veri, ze S_ZKIR je vhodnym tajomstvom medzi t¢astnikmi I

aR
I = 4(Ny) ... veri v Eerstvost nonce
I'ERE RE x ... veri, ze ucastnik R je ¢estny a kompetentny
Ciele mozeme vyjadrit ako (takisto uvddzame len ciele pre icastnika I):
I35 K1 ... veri ze vlastni vysledny klu¢ K1
I E R> K1 ... veri, ze aj druhy tcastnik m4 vysledny kle
I E4(K1) ... veri, ze visledny kIic je cerstvy
11 KL R veri, ze vysledny kiaé je vhodny na pouzitie medzi tc¢astnikmi
IaR
IEREI &L R vert, ze aj tcastnik R verf vo vhodnost kltca
Pre ucastnika R sd predpoklady aj ciele zapisané analogicky.
Takto sme definovali cely protokol. Nasleduje samotné analyza protokolu. t4
sa sptista len stlacenfm tla¢itka Analyze. Protokol je automaticky pretransfor-
movany do vysledného suboru v prologu. Vysledky zapise do Visual GNY, kde



pre kazdého ucastnika uvedie, ktoré viery a vlastnictva boli dokadzané a ktoré
nie.
Rozanalyzovanim takto definovaného protokolu vsak este nedokazeme vsetky
ciele. Presnejsie, dokazané je len jedno tvrdenie pre kazdého uicastnika. Pri¢inou
nedokazania ostatnych tvrdeni je to, ze doteraz v prostredi SPEAR2 nebolo
definované ako sa vlastne vytvéra novy klt¢. Treba ndm teda dodefinovat este
odvodzovacie pravidla:
PoN, PBPAQ}IPBS‘KIR ... vysledny klié je vytvoreny z formil Ny, Ng, S_.KIR
P3N, P5Ng, P3S_KIR, P3ID;;, P3IDig
P=I&LR v
medzi ic¢astnikmi identifikovanymi pomocou I D

PSK;h(I;(lzlg(NI ), PSK};ﬁgli%(NR) .. kIi¢ vytvoreny z cerstvej formuly je Cerstvy

. vysledny kIi¢ je vhodny na pouzitie

Analyzou s takto dodefinovanymi pravidlami uz dokazeme vsetky ciele okrem
I E R > K1 (a obdobne pre tcastnika R). Po doplneni posledného(stvrtého)
pravidla uz dokdzeme vsetky ciele. Odvodenie ciela R € K1 je popisané postup-
nostou:

[1] Proof for R possesses Ki:

R was told (HDR, SAi, KEi, Ni, IDii). {Step}
R possesses Nr. {Assumption}

R possesses S_KIR. {Assumption}

R was told (SAi, KEi, Ni, IDii). {1, T4}

. R possesses (SAi, KEi, Ni, IDii). {4, P1}

R possesses (KEi, Ni, IDii). {5, P4}

R possesses (Ni, IDii). {6, P4}

R possesses Ni. {7, P4}

R possesses K1. {8, 2, 3, IKE}
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T4to postupnost ndm presne krok po kroku popisuje jednotlivé odvodenia. Prvé
odvodenie je krok protokolu, druhé a tretie si predpoklady, teda pociatocné
vlastnictvo. Stvrté odvodenie dostaneme pouzitim pravidla T4, ktorého pred-
pokladom je tvrdenie uvedené v prvom odvodeni. Posledné, deviate, odvodenie
je pouzitie pravidla IKE, ktoré sme dodefinovali k odvodzovacim pravidldam.
Predpokladmi tohto tvrdenia st odvodenia v poradi 6sme, druhé a tretie.

PSK metéda agresfvneho rezimu Protokol IKE ma teda hladané vlastnosti (ciele)
aj z pohladu GNY logiky (a néstroja SPEAR2). Na rozdiel od BAN logiky sme
naviac dokdzali, ze obaja tcastnici veria, ze aj ten druhy veri vo vhodnost kliéa
(v BAN logike to nie je potrebné dokazovat, kedze ver{ vietkému povedanému.
Préca s tymto programom je intuitivna, protokol sa §pecifikuje velmi jednoducho.
Zo skusenosti ziskanych pri praci s tymto programom pri analyze IKE protokolu,
mozno tomuto program vytknit nutnost zdsahu do definovanej logike, ak chceme
doplnit pravidla len pre nas konkrétny protokol. Bolo by asi vhodnejsie, keby aj
tieto pravidld sa dali dodefinovat priamo v uzivatelskom prostredi, a nemuseli
zapisovat do textového stiboru. Inié¢ je ale plusom tohto programu, Ze vobec
mozeme Specifikovat aj vlastni logiku, nie len autormi pouziti GNY.



5 Zaver

Popisali sme pouzivané forméalne metédy a analytické analyzatory sliziace na
analyzu a kontrolu kryptografickych protokolov. Je fazké povedat ktord metdéda
je lepsia. Asi najlepsim rieSenim (aj ked nepraktickym) by bolo kazdy protokol
dokédzat pomocou éo najviac roznych metéd. Vizdy tie novsie ndstroje dopiﬁajﬁ
nejaké nové pravidld, zvysujui bezpeénost. Z nami popisanych analyzitorov, asi
za najlepsi mozno oznacit AAPA2, ktory aj pri nedokézani nejakého ciela, dokéze
pokracovat v dokazovani dalsich cielov tak, ze dany ciel povazuje za dokézany
(dodefinuje axiomaticky). Dokaze tak odhalit viacero chyb naraz. Najde chy-
by, ktoré st zvycajne nédjdené az po opraveni predpokladov alebo pravidiel,
a dokdzani povodného ciela. Na druhej strane nastroj SPEAR2 je lepsi z pohladu
pouzivatela, aj z pohladu jednoznaéného zépisu logiky, ktortd mozno doplnif,
pripadne napisat kompletne novi (bothiaI v tomto pripade uz treba logiku
popisat v textovom siibore).

Existuje este stédle vela otdzok, ktoré ostavaju otvorené. Pouzivané analyzy popisuji
situdcie, ked ttoénik sa snazi ziskaf nejaké informécie len zo spojeni ucastnikov
protokolu. Existuje aj moznost, Ze viacer{ i¢astnici komunikuji so serverom po-
mocou toho istého protokolu, a tdtoénik méze na ttok pouzit aj spravy, ktoré
ziskal od servera. Tieto spojenia so serverom sa mozu prekryvat v case, tre-
ba zistit, ¢i moze titocnik vyuzit (prerusit) nedokoncené spojenie medzi inym
ucastnikom a serverom. Tento sposob posielania sprav zohraje dolezitu uilohu pri
spracovan{ tiloh pouzitim GRIDov (t.j. zdielania nielen idajov ale aj vypoétového
¢asu medzi pocitacmi).

Automatické analyzitory sa snazia dokdzat jednotlivé ciele, ale nie vzdy
néjdu najkratsie odvodenia ako sa k danému cielu d4 dopracovai. Ak by ex-
istovali nastroje hladajice najkratsie odvodenia, tak by pri analyze bezpecnosti
protokolov sa mohlo zistit, ze niektoré informéacie st posielané zbytoéne (¢o nie
vzdy musi viest ku chybe protokolu). Takisto by dany dokaz bol ovela ¢itatelnejsi
ako dlhsie odvodenia.
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Abstract

In this paper, we present a feed-forward neural network to which the Bayesian
theory is applied. The Metropolis algorithm and Hybrid Monte Carlo Method,
used to train concrete neural network models, are described. We have defined the
document classification problem, as well as the method of their representation —
vector space representation. Described neural networks models are then applied
to the document classification problem. Simulation results are shown at the end
of the paper.

Introduction

Amount of information in form of documents that are nowadays present on www-
pages is extensive. So for a user, the information retrieval is time-consuming.
Classification of the documents could help to categorize related documents and
to decrease information retrieval time for users.

Documents classification is an expanding research field that presents an inter-
face of information retrieval and machine learning. The task of a system for docu-
ments classification is to assign categories to electronic documents automatically.
The categories may indicate content of the document, concepts that are consid-
ered in the documents, or the document’s relevance to the user (his requests).

Training set of data with assigned class is given in the classification task.
By using these data we train the model that may be used for classification
of new data into single existing classes.

In this paper, we examine the use of Bayesian training networks in classi-
fication problem. We are using feed-forward neural network. Followingly, the
Bayesian theory is applied to it. We describe learning process of such neural
network in the paper, and present reached results at the end.

Neural Networks and the Bayesian Learning

A neural network is in general a non-linear parametrized mapping from input
x to output y = f(x,w). The output is a continuous function of input x and



parameters w. Function f denotes network architecture, or in other words, a
functional form of mapping from input to output. The network can be trained
to solve regression or classification problems.

The neural network is trained using the training set D by adapting w so that
it minimizes some error function. Because in this paper we deal with multiclas-
sification problem, we chose following error function:

N m
Ep(w) ==y In fi(x., w), (1)

s=14=1

where f;, y; is i-th element of the neural network output vector or target vector
y.

This minimization is based upon repeated evaluation of the gradient of Ep by
using backpropagation algorithm. Often, regularization (also known as 'weight
decay’) is included in the objective function. Thus, the objective function is
modified into the form of

E(w) = Ep(w) + aEw (w), (2)

where for example Ew (w) = %|w|2, and « is a regularization constant. The
term favours small values of w, and reduces the tendency of the model to overfit
the noise in the training data.

The neural network learning process can be expressed by use of probability.
The error function is interpreted as minus log likelihood for a noise model:

P(D|w) = e Ep(W), (3)

So, the use of the sum-squared error Ep (3) corresponds to an assumed Gaussian
noise on the target variables.
Similarly, the regularization is denoted as a log prior probability distribution

over parameters w:
1
Pwl|la)= e~ @Ew (W), 4
(wlo) = s 1)

If Ew is quadratic then corresponding prior probability distribution is Gaussian
with variance o3, = L.
The objective function E afterwards corresponds to the inference of the pa-

rameters w:

P(D|w,0)P(w]a)
P(D]a) 5)

P(w|D,a) =

L Bw)
ZEe (6)

It might be interesting to point out, that the formula (5) was derived by using
the Bayes theorem. That’s why this type of learning is also called the Bayesian
learning.



In the terms mentioned above, Zy () and Zg are constants, while Zy ()
depends on parameter «.

The Bayesian inference for data modeling problems can be realized by an-
alytical methods, Monte Carlo methods, or deterministic methods using the
Gaussian approximation. Unfortunately, only few specific analytical methods for
neural networks are known. That’s why we deal only with Monte Carlo methods.
Detailed description of Gaussian approximation of posterior distribution (5) can
be found in [4], [5], [6].

Suppose the training set D = {(x1,y1),-..,(Xn,yn)} where x; is input
vector and y; is respective output vector, and the vector xx1. The task is to
predict the respective output vector yn41.

As mentioned above, in traditional training of neural network (e.g. by gra-
dient descent method) we search for vector w that maximizes degree of fit to
the data. In the Bayesian approach, one does not use a single set of network
weights, but rather integrates the predictions from all possible weight vectors
over the posterior weight distribution. The best prediction for input from test
pattern (assuming squared-error loss) is given by

. /RA F(xn41,W)P(w|D) dw, (1)

where A is the dimension of the weight vector w.

The prediction of equation (7) contains no indication of uncertainty. It does
not sufficiently represent the situations when the output can be in several disjoint
regions. The complete expression concerning output is given by its predictive
distribution:

Plysalxxin D) = [ Plywealxysn, Dow)P(w|Dydw.  (8)
R

The distribution includes not only the uncertainty due to inherent noise, but also
uncertainty in the weight vector w. Posterior probabilities for weight vectors are
given by:

P(w)P(D]|w)
P(w|D) =
(wiD) = =5
:P(W)P(yla'-'7yN|X17"'aXN7W) (9)
P(y1,.-.,yn|x1,...,XN)
N
P(y1,...,y~N|x1,...,XN)
The prior weight distribution can be following;:
-4 _lwl?
P(w) = (2nw?) % e 27, (11)

where w is the expected weight scale; it should be set by hand.



High-dimensional integrals necessary for prediction are in general analyti-
cally unsolvable and numerically difficult to compute. This leads to problem of
Bayesian learning. While in traditional training we deal with optimization prob-
lem, in Bayesian training we deal with evaluation of high-dimension integrals.
Metropolis algorithm presents a method for evaluation. However, this algorithm
is slow for our problem, it forms the basis for Hybrid Monte Carlo method, which
should be more effective to evaluate the integrals. Now we will describe those
methods simply.

Suppose that we wish to evaluate

(9) = /RA g(a)P(q)daq. (12)

The Metropolis algorithm generates a sequence of vectors qg, q1, . . ., which forms
Markov chain with stationary distribution P(q). The integral in equation (12)
is then approximated as

1 I+M-1
(@)~ > glan), (13)
t=I

where I stands for number of initial values which will be not used in evaluation
and M stands for number of functional values g. Averaging those values one gets
approximate value of (g). In limit case, as M increases, approximation converges
to the real value (g). But, it is hard to determine how long it takes to reach the
stationary distribution (and hence to determine the value of I), or determine
how are the values of q; correlated at following iterations (and hence how large
M should be). One cannot avoid such difficulties in applications that utilize
Metropolis algorithm.

Generation of the Markov chain is described by energy function, defined
as F(q) = —In(P(q)) — In(Zg), where Zg is a positive constant chosen for
convenience. Algorithm starts by random sampling of qg. In every t-th itera-
tion, a random candidate q;y1 for the next state is sampled from distribution
P(Qt+1 | g¢)- The candidate is accepted if its energy is lower than previous s-
tate; if its energy is higher it is accepted with probability exp(—AEFE), where
AFE = E(qi+1) — E(q¢). In other words,

Qer1 if U < exp(—AE
At+1 = {q,:r otherwise ( ) (14)
and U is a random number from uniform distribution from interval (0, 1).

The Metropolis algorithm can be used for evaluation of integrals in equa-
tion (7), where w represents q, and energy function F is derived from equation-
s (10) and (11):

Ew)=-InP(w|D)—-InZg. (15)

In our case, provided that the prior weight distribution (11) is Gaussian, the
energy function is respective objective function for given network architecture.



The Hybrid Monte Carlo method as an improvement of Metropolis algorithm
eliminates much of the random walk in weight space, and further accelerates ex-
ploration of the weight space. The method uses a gradient information provided
by backgropagation algorithm.

Unlike the Metropolis algorithm, the Hybrid Monte Carlo method generates
sequence of vector couples (qo, Po), (Q1,P1), - - -, where vectors q are called po-
sition vectors and vectors p are called momentum vectors. Both these vectors
are of the same dimension. Potencial energy function F(q) used in Metropolis
algorithm is extended to Hamiltonian function H(q, p) that combines potencial
and kinetic energy:

H(a,p) = B(a) + 5 lpl*. (16)

P(q,p) = P(q)P(p) is fact for the stationary distribution of generated Markov
chain. Marginal distribution q is the same as the one for Metropolis algorithm.
Thus, the value of (g) can be again approximated by use of equation (13). Mo-
mentum characteristics have Gaussian distributions, and they are independent
of q and of each other.

The Markov chain is generated by two types of transitions - dynamic and s-
tochastic moves. In stochastic moves, it is common to unconditionally replace ac-
tual momentum vector p by vector sampled from stationary distribution P(p) =

_A 2
(2m)" % exp (— Ipl* /2).
Dynamic moves are determined in terms of Hamilton’s equations that specify
the derivatives of q and p with respect to fictitious time variable 7 as follows:

dq  OH
e P an
dp  OH
dr —  0q ~VE(@) 18

A candidate state (Qry1, Pe+1) is generated in three steps. At first, the momen-
tum vector is negated with one-half probability, then the dynamics (17) and (18)
are performed for predefined period of time, and finally, the momentum vector
is again negated with one-half probability. The result is accepted or rejected as
it is in equation (14) but H is used instead of E.

The equations (17) and (18) are usually transformed into discrete form with
some non-zero step €. This method is called "leapfrog” method.

p(r+5) =p(7) — sVE(q(7)) (19)
a(r +¢) =q(7) +ep (T +5) (20)
p(T+e)=p(r+35) - sVE(Q( +¢)) (21)

Results

Collection Reuters-21578 is used as documents collection to which the classifi-
cation problem is used. The collection is widely accessible on Internet (please



see [10]). Every document from the collection is characterized by certain char-
acters, e.g. date, identification number, name. The category under which the
document comes is stated in every document too. Considering the facts that
more categories can be assigned to the document and that we do not use "mul-
ticategories” in our tests, a pattern that assigns only one category to the docu-
ments had to be set up. For this reason, new categories which contained original
categories were created. For example, new category BANKING originated by
merging original categories MONEY-FX, INTEREST, RESERVES in one. Us-
ing this way we created 7 new categories named BANKING, COMMODITY,
CORPORATE, CURRENCY, ECONOMIC, ENERGY and SHIPPING. We ex-
cluded the documents that did not fit to any pattern for assigning new category.

Consequently, the documents were sorted into training and testing set. The
document attribute that determines to which the document belongs was used
for this purpose. Seeing that the sets were too large (thousands of documents)
and that algorithms were time-consuming, the sets were reduced. The training
set contained 304 documents, and the testing set contained 294 documents.

It was necesary to present single documents appropriately before classifica-
tion. In our tests, we used vector documents representation as the most used
way of document representation. In the representation, each document is char-
acterised either by boolean or numeric vector. The vectors are set in space whose
dimensions correspond with documents corpus terms. Such vector has numer-
ic value assigned by a function f in each element. The value mainly depends
on the fact how often the term corresponding with certain dimension occurs in
the document. By changing f function we may reach different ways of assigning
weights to terms. For closer information about the representation please see [9].

In order to reduce the vector space we used Porter stemming algorithm,
excluded stop words (using the database of 600 words), and applied Zipf’s law.
When using Zipf’s law, we excluded words with occurence lesser than 10 times.
The value was taken after few initial tests. The final vector representation was
derived by using TFIDF function (also see [9]).

Following multiclassification neural network calculating the function y =
f(x,w) was used in the tests:

hidden layer: a§1) =3, w§l1)xl + 9§1); h; = tanh(a§1)), j=1,...,p
@)

output layer: a§2) = ?:1 wg)hj + 9§2); Y = %, 1=1,...,
Vectors x = (21, ...,2,), where n is dimension of documents vector space, rep-
resent neural network inputs. Every vector w stands for coordinates of one doc-
ument. Vectors y = (y1,...,Ym), where m equals count of all categories are
outputs of the neural network. Network’s architecture provides that values y;
are positive and Z:L y; converges to 1. Saying it more simply, value of y; de-
notes the probability ot the fact that document with coordinates x belongs to
the class i.

The objective function is in the form E(w) = § |w|®+ Ep(w), where Ep(w)
is given by equation (1). We made experiments with different values of parameter
« in our tests. The best results were achieved in the case of a = 1.



Single models training consists of generating the Markov chain of neural

network weight vectors wg, wi,.... We used Metropolis algorithm and Hybrid
Monte Carlo method in order to generate the Markov chain.
Using Metropolis algorithm we generated Markov chain qo,q1,...,da+1-

The meaning of M, I was described above.

Final predictions were determined by using the equation (13), where function
g(q:) was replaced by function f(x,w;). In our case w equals q.

Success of each single prediction was evaluated followingly. Let ¥ = (91, ..., Jm)
be prediction determined by neural network for input vector w, and let y =
(Y1,---,Ym) be the expected output vector for input x. The prediction y was
considered to be correct if k = I, where k, [ were such indexes that gx = max{y; |
i=1,...,m}and yy = max{y;|[i =1,...,m}.

Step by step we generated several Markov chains of weight vectors for our
model. We made several experiments with number of generated weights. The
longest chain was compound of 300 000 weights. At chain with 200 000 weights,
we started experiments with setting the number of discarded iterations in predic-
tion. By changing the amount of discarded iterations we wanted to find out their
influence on final predictions success. The final result was positively influenced
by the setting up to certain limit; results worsened after that certain limit was
exceeded. The limit was approximately first 50 000 unused weights. The best
prediction was gained at 200 000 generated weights; first 30 000 were not used
for prediction. In this case, the success was 41.84% (123 successfuly classified
documents).

When comparing results of our tests to results of other documents classifica-
tion methods, we may conclude that our methods are not very appropriate for
solving this problem. The main disadvantage - time-consuming - results from
large amount of input data. We may also mention the fact that amounts of
memory are required when large Markov chain is generated and memorized as
an other disadvantage.

Even if the above mentioned methods were shown as inadequate for solving
the documents classification problem, more ways of their use exist. For example,
a part of our software was used for solving the prediction problem of geomagnetic
storms (please see [1]). In this case, we trained regression neural network. By
increasing the number of iterations, the predictions’ successfulness noticeably
increased, and total results were more than good.

Conclusions

In the paper, we dealt with feed-forward neural networks and their training. We
described two Monte Carlo methods. Monte Carlo method is nowadays applied
to majority of Bayesian neural networks because it provides good approxima-
tion of evaluating high-dimensional integral which is needed for training the
neural networks, and because achieved results do not depend generally on data.
Its greatest disadvantage is the fact that it is extremely time-consuming. But
the use of Monte Carlo methods together with Gaussian approximation could



determine whether it is possible to apply Gaussian approximation to a specific
problem. Comparing to Monte Carlo methods, Gaussian approximation is faster,
but can not be applied to an arbitrary problem. Simulated annealing (see [2])
that represents further expansion of above mentioned methods was not covered
in our work.
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Abstract

The emerging progress in information technologies enables applications of artificial neu-
ral networks also in areas like navigation and geographical information systems, telecom-
munications, etc. This kind of problems requires processing of high-dimensional spatial
data. Spatial patterns correspond in this context to geographic maps, room plans, etc.
Techniques for an associative recall of spatial maps can be based on ideas of Fukushima
[2] and they should enable a reliably quick and robust recall of presented patterns, often
unknown in some parts or affected by noise. Anyway, the performance of traditional asso-
ciative memories (usually Hopfield-like networks) is very sensitive to the number of stored
patterns and their mutual correlations.

To avoid these limitations, we will introduce here the so-called Hierarchical Associative
Memory (HAM) model. This model represents a generalization of Cascade ASsociative
Memories (CASM-model) proposed by Hirahara et al. [3]. CASM-models comprise in
principle two Hopfield-like networks and can be used for storing mutually highly correlated
patterns. The HAM-model consists of an arbitrary number of associative memories (of the
Hopfield type) grouped hierarchically in several layers. A suitable strategy applied during
training the respective networks can lead to a more appropriate processing of huge amounts
of real spatial data often containing mutually correlated patterns. Experimental results will
be briefly discussed, too.

1 Introduction

The principle of applying associative memories in path prediction is based on the following
idea. Let us imagine that we are walking through a place we have been before. Often, we have
an idea of the scenery that we do not see yet but shall see soon. Triggered by the newly recalled
image, we can also recall another scenery further ahead of us. As a result, we can recall the
scenery of a wide area by a chain of recall processes. This brings us to the idea that the human
brain stores fragmentary maps without any further information representing the exact location

*This research was supported by the grant No. 300/2002/A INF/MFF of the GA UK and by the grant No.
201/02/1456 of the GA CR.

TCurrently Fulbright Visiting Scholar in Smart Engineering Systems Laboratory, Engineering Management
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of the maps [2]. In this way, the iterative recall of fragmentary maps helps to ensure a quick and
safe movement through the environment — especially when recalling the sceneries ahead from
an unknown position and “knowing only a portion of the scene” (the rest of the scene can be
“damaged” or “unknown”).

On the other hand, standard associative memories require higher memory costs for storing
spatial patterns compared with memorizing the whole map of the scenery. The capacity of
associative memories corresponds to 0.15n, where n is denotes the dimension of the pattern
space (moreover, the stored patterns should be almost orthogonal one to each other). Memory
costs required to store 0.15n (in general real-valued) pattern vectors of the dimension n would be
0.15n2. The memory costs for a Hopfield network with n neurons represent n(n — 1)/2. Thus,
the ratio between the memory costs required by a conventional and an associative memory
approaches 0.3 for large-dimensional patterns.

It would be possible to increase the capacity of standard associative memories by increasing
the dimensionality of the patterns to be stored in them (having now proportionally more neu-
rons). But at the same time, the number of network’s weights would raise quadratically with
the number of network’s neurons. For this reason, the recall process would require higher com-
putational costs as well. Moreover, real-world patterns (e.g. spatial maps) tend to be correlated
rather than nearly orthogonal. This also limits the capacity of the networks. Therefore, we
decided to focus our research on possibilities of a parallel implementation of this model. In this
paper, we will introduce the so-called Hierarchical Associative Memories (HAM). This model
is inspired by the Cascade associative memory model (CASM) proposed by Hirahara et al. [3]
but it was developed with a stressed necessity to process huge amounts of data in parallel. In
comparison to the CASM-model, we expect that the HAM-model will allow a reliable and quick
storage and recall of larger amounts of spatial patterns.

2 The Standard Hopfield Model

First, let us specify some basic notions. A neuron with the weight vector & = (w1, ..., wy,),
wi,...,w, € R and the transfer function f : R"™ x R™ — R is an abstract device capable of
computing the output y € R as the value of the transfer function f[w](Z) for any input z € R";
R denotes the set of all real numbers. In this paper, we will consider the hard-limiting transfer
function with values equal to —1 or 1. The output of a neuron will be determined according to:

1 if€>0
y(t +1) = flw](2) = f(§) = {y(t) if £€=0 (1)
—1 if £€<0

In the above relationship, £ denotes the so-called neuron potential value, which can be de-
termined as £ = E?:l z;wj. t refers to the current time-step. A neural network is a 5-tuple
M = (N,C,1,0,w), where N is a finite non-empty set of neurons, C C N x N is a set of
oriented interconnections among neurons, I C N is a set of input neurons, O C N is a set of
output neurons and w : C' — R is a weight function. The pair (N, C) forms an oriented graph
that is called the topology of M.

A Hopfield network H = (N,C,I,0O,w) is a neural network, for which all its neurons are
input and output neurons simultaneously (N = I = O) and oriented interconnections are defined
among all the neurons (C = N x N). All its weights are symmetric (w;; = w;; Vi,j € N) and
each neuron is connected to all other neurons except itself (w; = 0 Vi € N). For the Hopfield



network H, an output ¥ is the vector of the outputs of all the neurons of H. A weight matrix
W of H having n (n > 0) neurons is an n x n matrix W = (w;;) where w;; denotes the weight
between the neuron ¢ and the neuron j. A training set T of H is a finite non-empty set of m

training patterns #t,..., @™ T ={z',...,#"|* e R" k=1,...,m}.

For training Hopfield networks, the Hebbian rule can be applied. According to this rule, the
presented training pattern 7% = (z¥,...,2%) can be stored in the Hopfield network with the
weights w;; (4,5 =1,...,n) by adjusting the respective weight values w;; as it follows:

wij<—wij+xfx§ L,j=1,....n 1#}j (2)
Initial weight values w;; (4,5 = 1,...,n) are assumed to be zero. During the iterative recall,

individual neurons preserve their output until they are selected for a new update. It can be
shown [4] that the Hopfield model with an asynchronous dynamics - each neuron is selected to
update (according to the sign of its potential value £ to +1 or —1) randomly and independently
- converges to a local minimum of the energy function.

Hopfield networks represent a model of associative memories applicable to image processing
and pattern recognition. They can recall reliably even “damaged” patterns but their storage
capacity is relatively small (approximately 0.15n where n is the dimension of the stored patterns
[4]). Moreover, the stored patterns should be orthogonal or close to orthogonal one to each other.
Storing correlated patterns can cause serious problems and previously stored training patterns
can even become lost. This is because, when recalling a stored pattern, the cross-talk does not
average to zero [1]).

2.1 The Fukushima Model

In the Fukushima model [2], the chain process of recalling the scenery far ahead of a given
place is simulated by means of the correlation matrix memory similar to the Hopfield model. In
the Fukushima model, a “geographic map” is divided into m fragmentary patterns overlapping
each other. These fragmentary patterns are memorized in the correlation matrix memory. The
actual scenery is represented in the form of a spatial pattern with an egocentric coordinate
system. When we should “move”, the actual fragmentary pattern should “become shifted” in
order to keep our body always in the center of the “scenery” pattern to be recalled. If the
“scenery image” shifts following the movement of the body, a vacant region appears in the “still
not seen scenery” pattern. During recall, a pattern with a vacant “not seen” region is presented
to the correlation matrix and the recalled pattern should fill its missing part (see Figure 1).

Zinllind’ -/

L LI Presented pattern T Recalled pattern
Scenery Associative memory

Figure 1: The recall process for incomplete patterns

Unfortunately, it is necessary to “place” the pattern presented to the correlation matrix
exactly at the same location as one of the memorized patterns. The pattern to be recalled is



shifted in such a way that the non-vacant region coincides with one of the memorized patterns.
In order to speed-up the evaluation of the region-matching criteria, the Fukushima model incor-
porates the concept of the piled pattern. The point yielding the maximum correlation between
the “seen scenery” and the corresponding part of the piled pattern should become the center of
the next region.

Then, the vacant part of the shifted pattern is filled, i.e. recalled by the auto-associative
matrix memory. Although the recall process sometimes fails, it usually does not harm too much
because the model contains the so-called monitoring circuit that detects the failure. If a failure
is detected, the recalled pattern is simply discarded and recall is repeated after some time when
the “body” was moved to another location.

3 The Cascade Associative Memory - CASM

Traditional associative memories cannot store reliably correlated patterns, since the cross-
talk generated by other stored patterns during recall does not average to zero [1]. To overcome
this problem, Hirahara et al. proposed the Cascade ASsociative Memory model (CASM) which
enables to store hierarchically correlated patterns [3]. In the case of a two-level hierarchy, the
CASM-model consists of two associative memories. The first associative memory (AAM) is an
auto-associative memory storing the first-level patterns called ancestors. The second associative
memory (DAM) is a recurrent hetero-associative memory associating the second-level patterns
called descendants with their corresponding ancestors.

T
/g o
lo0®o /‘
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/o © O / o o
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Figure 2: Hierarchically correlated patterns — a two-level hierarchy

In CASM, the ancestors are randomly generated. For each ancestor, a set of descendants
— correlated with their ancestor — is generated. Hence, the descendants belonging to the same
ancestor represent a cluster and the ancestor represents the center of the cluster (Figure 2).
During training, the ancestors are stored in the AAM. Then, the training algorithm divides
the descendants into groups according to their ancestors. The descendant associative memory
(DAM) stores the respective groups of descendant patterns separately. In principle, the weight
matrix of DAM has a form of a pile of covariance matrices, each of which is responsible for
recalling only the descendants of each ancestor — the model represents a multiplex associative
memory.

During recall, the pattern is first presented to the ancestor associative memory (AAM) to
recall its ancestor. Then, the descendant associative memory (DAM) combines the recalled
ancestor with its corresponding covariance matrix “responsible to recall its descendants”. This
mechanism enhances the recall abilities of the model by suppressing the cross-talk noise gener-
ated by descendants of other ancestors [3].



4 The Hierarchical Associative Memory

Standard associative memories are able to recall reliably “damaged” or “incomplete” images
if the number of stored patterns is relatively small and the patterns are almost orthogonal to
each other. But real patterns (and spatial maps in particular) rather tend to be correlated. This
greatly reduces the possibility to apply standard associative memories in practice. To avoid (at
least to a certain extent) these limitations, we designed the model of the so-called Hierarchical
Associative Memory. This model is based on the ideas of a Cascade associative memory (CASM)
of Hirahara et al. [3] which allows to deal with a special type of correlated patterns. But our
goal is to use the basic CASM-model more efficiently by allowing an arbitrary number of layers
with more networks grouped in each layer.

A Hierarchical associative memory H with L layers (L > 0) is an ordered L—tuple H =
(M, ..., M) where Mj,..., M, are finite non-empty sets of Hopfield networks; each of the
networks having the same number of neurons n (n > 0). The sets M, ..., My, are called layers
of the memory H. For I (1 <1 < L) the layer M; will be further called the ancestor layer of
the layer M;y; and the layer M;;q will be called the descendant layer of the layer M;. | M; |
denotes the number of Hopfield networks in the layer M; (I = 1,...,L). A training tuple 7 of
‘H is an ordered L—tuple T = (Th,...,Tr) where T} (I = 1,...,L) is a finite non-empty set of
training patterns 'z',... '™, m; € N for the layer M;

To={ .t e {41, -1 p=1,...,my}, (3)

my denotes the number of training patterns for the layer M; and N denotes the set of all natural
numbers.
The training patterns (from the training tuple 7') are to be stored in the model separately

for different layers. In this way, the training patterns ‘z!,....,' @™ from the set T} will be stored
in the Hopfield networks Hy, ..., H|py, of the corresponding layer M; of H. Training of the
whole network H consists in training each layer M; (I =1, ..., L) separately (we will call it layer

training) and can be done for all layers in parallel.

During training the layer M, training patterns 'z',...,! 2™ from the set T} are presented
to the layer M; sequentially. For each presented training pattern, “the most suitable” Hopfield
network in the layer M; is found in which the processed training pattern is stored. If there is no
“suitable” Hopfield network for storing presented pattern, the new Hopfield network is created
and added to the layer M;. Then, the pattern is stored in the newly created Hopfield network.
Now, we describe the so-called DPAT-algorithm (dynamical parallel layer training algorithm)
for training each layer in the model.

[5=41

The DPAT-algorithm (for the layer M)):

Step 1: The weight matrices of all Hopfield networks in the layer M; are set to zero.

Step 2: A training pattern Z is selected from Tj.

Step 3: The pattern Z is stored in all Hopfield networks in the layer M; (according to the
Hebbian training rule).

Step 4: The pattern Z is recalled by all Hopfield networks from M;. We get recalled outputs
7t ..., 7™Ml where ¢ is the recalled output of the i—th Hopfield network in the layer M;.

Step 5: The Hamming distance d; of the training pattern # and the recalled output 7 is
computed

d; = HammingDistance(&, 7' )



fori=1,...,| M;|. The Hamming distance of Z and Z’ is function given by the formula:
HammingDistance(Z, Z sgn(] zi — 25 |).

Step 6: The minimum Hamming distance d,,;, is found

dmin = min  d;.
i=1,...,| M|
min is set to the index of the network with satisfying d,,,. If there exist more Hopfield
networks in M; with the same minimum Hamming distance d;,;», min will be set to the
lowest index of the network satisfying d,,x,-
Step 7: The pattern & is unlearnt from all Hopfield networks ¢ (¢ = 1,...,| M; |) in the layer
M; where d; # 0 or i # min.
Step 8: If the pattern & is unlearnt from all Hopfield networks in M;, a new Hopfield network
is created in the layer M;. The pattern 7 is stored in the newly created Hopfield network.
Step 9: If there is any other training pattern in 7}, Step 2.

During recall, an input pattern = (x1,...,2,) is presented to the memory H. The input
pattern '& of the layer M; is identical to the presented input pattern Z. For the following time
steps [ (1 <1 < L), each layer M; produces a set of outputs (one output for each particular
network in the layer). Then, the “best” output !4 from this set is chosen (according to the layer
recall algorithm). This output !4/ represents then the input pattern for the “next” layer M,
(ie. "z =ty 1 <1 < L). The output § of the HAM % is defined as the output “i of the
“last” layer M. The recall process of the HAM-model is illustrated in Fig. 3.

Figure 3: The recall process in the Hierarchical Associative Memory with L layers

Here, we focus on the recall process of one layer in the HAM-model in more details. During
recall of the layer M;, input pattern '# is presented to the layer M;. For the presented input
pattern ‘2, each Hopfield network in the layer M; produces the corresponding recalled output
Lt (i =1,...,| M; |). Then, the output ‘i of the layer M, is such a recalled output which is “the
most smnlar’ to the presented input pattern 'Z. Now, we describe the so-called PAR-algorithm
(parallel layer recall algorithm) for recall in each layer in the model in formal way.

The PAR-algorithm (for the layer M;):

Step 1: The input pattern ‘Z = (‘x1,...,' x,,) is presented to all Hopfield networks in the layer

M.

Step 2: The pattern ‘% is recalled by all Hopfield networks in the layer M;. Hence, we get
outputs ‘g, ... Ly!Mil where !4 is the recalled output of the i—th Hopfield network in
the layer M; (i =1,...,| M;|).



Step 3: The Hamming distance ‘d; of the presented input pattern '# and the recalled output
Lt is computed

!d; = HammingDistance( ‘z,'7")

fori=1,...,| M;|.
Step 4: The minimum Hamming distance ‘d,,;, is found
l _ : l
dmin = min d;.
i=1,...,| M|

min is set to the index of the network satisfying !d,:n. If there exist more Hopfield
networks with the same minimum Hamming distance 'd,,i,, min will be set to the lowest
index of the network from M; satisfying ‘dir .

Step 5: The output '3/ of the layer M; is the output '7™™" (i.e. Iy = fmin).

Anyway, we should keep in mind that the above-sketched heuristic for storing presented
patterns in the dynamically trained HAM is quick, simple and easy to implement but it is not
optimal. Considering the DPAT-algorithm, a pattern remains stored in such a Hopfield network
where the pattern is correctly recalled (Step 7 of the DPAT-algorithm). If there is no such
Hopfield network, a new Hopfield network is created for storing the pattern. Anyway, using
this method for choosing the “most suitable” Hopfield network, we cannot predict anything of
recalling previously stored patterns. Some previously stored patterns can be recalled incorrectly
(after storing some other patterns) or can even become lost.

5 Simulations

The following experiments are restricted to a two-level hierarchy of Hierarchical Associative
Memories (i.e. H = (M, Ms)). Therefore, we will call the first- and second-level patterns to be
ancestors and descendants, respectively. For this kind of tasks (processing of spatial patterns),
we can assume that the descendants will be with a high probability correlated with their an-
cestors. Therefore, we did not store the descendants themselves in the second-level memories
but the so-called difference patterns. The difference patterns contain only the information of
the differences between the respective descendant and its ancestor and have the form of bipolar
vectors as well. In this way, the difference patterns become sparser with increasing correlation
between the descendants and their ancestors, which is in general expected to allow a higher
storage capacity of the constructed Hierarchical Associative Memory [3].

The test patterns to be stored in the Hierarchical Associative Memory have been chosen as
fragmentary patterns of a fictive map, which consists of 81 x 54 pixels with bipolar values
corresponding to 1 and —1. The fictive scenery was divided into 21 fragmentary patterns
mutually overlapping one another as shown in Fig. 4. From these fragmentary patterns, 8
patterns with the smallest cumulative correlation between the respective pattern and all other
patterns were chosen to be the ancestors. The remaining 13 fragmentary patterns were used to
form the descendant patterns.

During training the HAM, the ancestors were stored in the layer M; according to the DPAT-
algorithm. Storing the remaining fragmentary patterns as descendants in the second layer M,
proceeds as it follows. After presenting the respective fragmentary pattern to the HAM, its
corresponding ancestor should be recalled in the layer M;. Then, the difference pattern is
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Figure 4: The scenery with marked areas stored in the Fukushima- and in the HAM-model

created according to the recalled ancestor and the presented fragmentary pattern. Afterwards,
the difference pattern is stored as a descendant in the second layer My according to the DPAT-
algorithm as well.

A similar idea was adopted also for the recall process. During recall, a “noisy” or “unknown”
input pattern is presented to the top layer of the HAM-model. First, the layer M; recalls the
corresponding ancestor according to the PAR-algorithm. From the recalled ancestor and the
presented input pattern, the difference pattern is created. This difference pattern is then recalled
by the layer Ms, again according to the PAR~algorithm. From the recalled difference pattern
and ancestor, the final descendant pattern is created. This descendant represents the output of
the whole HAM-model. The recall process of the presented “incomplete” descendant is shown
in Fig. 5.

An application of the HAM-model for solving the path prediction problem requires a robust
recall of presented patterns, often unknown in some parts. Mutual overlapping of the stored
patterns covers in our case approximately 1/3 of their surface (the respective cases may vary
in size) and thus a presented pattern has to be recalled reliably even from a portion of it.
Furthermore, the fragmentary patterns cannot be assumed mutually orthogonal in a general
case and we can expect their correlations to be rather high. Due to these requirements, we have
applied in our simulations the following two restrictions to the HAM-model.
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Figure 5: The recall process of the HAM-model

e The first restriction consists in limiting the number of patterns which can be stored in
each Hopfield network of the HAM-model to 0.05n , where n is the dimension of patterns
to be stored in it. This corresponds approximately to 1/3 of the capacity for standard
Hopfield networks.

e The essence of the second modification consists in slightly changing Step 7 of the DPAT-
algorithm. Now, a pattern remains stored in that Hopfield network where it was recalled
correctly only from a portion of it. If there is no such network, a new one is created to
store this pattern.

Anyway, the above two modifications lead in general to an increased number of Hopfield
networks created. On the other hand, they might improve significantly the overall performance
of the HAM-model in path prediction. The results yielded in path prediction by the Fukushima-
model and those obtained by the HAM-model are shown in Fig. 6. Fig. 6(a) shows an incorrect

Figure 6: Patterns recalled by the Fukushima model (a) and by the HAM-model (b)

lower segment of the scenery recalled by the Fukushima-model. On the other hand, the HAM-



model recalled the lower segment without any major error - see Fig. 6(b).

6 Conclusions

Our current research in the area of associative memories is focused on applications of asso-
ciative memories for storing spatial patterns (Hopfield-like networks) and for path prediction in
spatial maps (the Fukushima model). Unfortunately, the performance of standard associative
memories (of the Hopfield type) depends on the number of training patterns stored in the mem-
ory, and is very sensitive to mutual correlations of the stored patterns. In order to overcome
these limitations, we have proposed in this paper the HAM-model — the Hierarchical Associative
Memory. This model was inspired by the Cascade ASsociative Memories (CASM) and a stressed
necessity to treat reliably huge amounts of data.

In comparison with the Fukushima model, the experiments performed so far with the HAM-
model yield promising results for the path prediction problem. Especially dynamical adding of
Hopfield-like networks to existing layers (cf. the DPAT-algorithm) enables the HAM-model to
store even larger amounts of mutually correlated data reliably. The experiments carried out
have further confirmed that the right choice of the ancestor patterns represents a crucial point
of a successful application of the HAM-model. Appropriately chosen ancestor patterns should
represent “well enough” the corresponding clusters of patterns. Simultaneously, they should be
mutually orthogonal (or at least nearly orthogonal). Therefore, we would like to propose means
for improving the storage capacity of the HAM-model within the framework of our further
research.

These will probably require the development of more sophisticated methods — based on self-
organization — for choosing “the most suitable” ancestor patterns. Further improvements can be
expected when recalling the patterns in the “right” ancestor network. In our opinion, strategies
for achieving this could comprise “keys” (corresponding in principle to further pattern elements
artificially added to the feature vectors). The keys introduced in such a way could then better
control the recall process. The time- and space-complexity of the above-sketched models should
be analysed thoroughly.
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Abstract. In this paper we want to investigate certain properties of
space filling curves and their usage with UB-trees. We will examine sev-
eral curve classes according to range queries in UB-trees. Our motivation
is to propose a new curve for the UB-tree which will improve the range
queries efficiency. In particular, the address of this new curve is con-
structed using so-called proportional bit interleaving.

Keywords: space filling curve, UB-trees, space partitioning, Z-curve

1 Introduction

In Information Retrieval there is often requirement on data clustering or
ordering and their consequential indexing. This requirement arises when
we need to search for some objects in large amounts of data. The process
of data clustering—indexing gathers similar data together, thereby allows
effective searching in large data volumes.

Specific approaches of data clustering were established on the vector
space basis where each data object is represented as a vector of its sig-
nificant attributes. Such object vectors can be stored as points/vectors
within a multidimensional vector space. In this article we are going to
examine indexing method for discrete multidimensional vector spaces
based on space filling curves. A space filling curve allows linearize a mul-
tidimensional space in such way that to each point in space is assigned
single unique value — i.e. address on curve. Thus, the space could be
considered as partitioned and even ordered due to the curve ordering.
There exists one indexing structure which combines the principles of
space filling curves and techniques of data indexing. This structure is
called UB-tree.

1.1 Vector Spaces

Definition 1. Let 2 = D1 X Dy X ... X D,, is a n-dimensional vec-
tor space. The set D; is called the domain of dimension i. The vector
(point, tuple) © € (2 is a n-tuple (a1,az2...,a,) € 2. In other words
x can be interpreted as a point at coordinates (ai,asz...,an) within n-
dimensional space. The coordinate a; is also called attribute value and
can be represented as a binary number (string) of length l;. Thus, to
each domain D; is assigned a bit-size l; and its cardinality ¢; = oli |
Then holds 0 < a; < ¢; — 1.



In discrete vector space {2 we use integer coordinates. Usually, the space
domains are also finite due to limited capacity of integer attribute.

In figure 1 we see two-dimensional space ”animal” where the first di-
mension represents ”animal class 7 and the second ”limb count”. Animal
”ant” is represented with vector [0,2] ([insect, 6] respectively).

g
5 € 2
Q c 2 a
£ E © ¢ closs
0 0\
4 'Y snake
6 .\ lhuman

o e

i | qepant
imbs | spider

Fig. 1. Two-dimensional vector space 4x4

Representing objects as vectors in space brings following possibilities:
— Formal apparatus of vector spaces allows objects to be treated uni-
formly. Object is vector and there are defined certain operations on
vectors in vector space.
— In metric vector spaces we can measure similarity between two ob-
jects (distance of vectors respectively)
— In vector space we can easily construct range queries

1.2 Space Partitioning

Because of the requirements of data indexing we need to transform the
objects within vector space {2 into some hierarchical index structure.
This space transformation means some kind of space partition which in
turn produces space subregions.

Definition 2. (space filling function)

We call a function f : S C No — 2 a space filling function, if f(S) = £2
is a bijective function. Ordinal number a, where f(a) = 0;,0; € 2 is
called address of vector o; on curve f(S).

Lemma 1. A space filling function defines one-dimensional ordering for
a multidimensional space.

Space filling curves order points in space and may so define regions in
the space. A region is spatially determined with an interval [« : 8], < 8
on the curve (a, B are addresses). In figure 2 we can see our example
space (extended to 8x8) filled with three types of curves. Suppose we
want to find the smallest region covering objects ”snake” and ”ant”, we
would obtain [3:16] for C-curve, [5:8] for Z-curve and [4:15] for H-curve.
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Fig. 2. Compound (C) curve, Lebesgue (Z) curve, Hilbert (H) curve and addresses of
points within our ”animal” space

1.3 Universal B-trees

The idea of UB-tree incorporates BT-tree and the space filling curves.
Inner nodes of BT -tree contain hierarchy of curve regions. Region of inner
node always spatially covers all regions of its children. Regions on the
same depth level in tree do not overlap. In leaves are stored data objects
(their vectors respectively). The structure of UB-tree (with Z-curve) for
our example is shown in figure 3. We can see that the objects on the
leaf level are ordered left-to-right — the same way as on Z-curve. Further
informations about UB-trees can be found in [Ba97,Ma99].

-
pt } super Z-regions

- -
o = [ 0:3 |[ 49 ][10:31] |32:35H36:47H48:63]}Z-regions
L)/ (03| e ke o stider } objects

Fig. 3. Structure of UB-tree

So far, the published papers about UB-tree mentioned only the possibil-
ity of Z-curve. In following analysis we are going to examine also another
curve orderings.

2 Properties of Space Filling Curves

In [Ma99] we can find a curve quality criterion based on curve symme-
try measure. This symmetry is somehow connected with selfsimilarity
concept taken from fractal geometry.

We will introduce another aspects of curve quality classification. Our
goal is to find ideal curve for range queries in vector space or actually in
UB-tree.



2.1 Measure of Utilization

Range query processing in vector space or in UB-tree must examine each
region which intersects query area. We can assume that large region
overlaps will produce unnecessary space searching and thus they cause
high access efficiency costs.

To reduce these costs we’ve developed measure of utilization which allows
to rate each curve and choose the best one. In figure 4 we’ll see greyed
query area and the smallest possible region that entirely covers given
query area.

L L

Fig. 4. Smallest possible region [« : 8] covering entire query area

Definition 3. Let A(o;) is a query area centered on coordinates of o; € 2.
Let R(A(0:)) tis the smallest possible region covering A(o;). Then utiliza-
tion of A(o;) is defined as

w(A(0r)) = volume(A(o;))
' BR(A(0:)) — ¥R(A(0,))

and average utilization of space 2 with query area A and space filling
curve f is defined as

volume(§2
f:f:fw) ) u(A(o:)

volume(§2)

avgutil(QA,f) =

Notes Average utilization factor helps us to find better curve from
the range query point of view. Curve with avgutil close to 1 means
that searching the vector space by range query processing is effective —
no unnecessary space is searched. Interesting consequence of high rated
curves is that points that are near in space (according to some metric)
are also near on the curve (according to order).

Choosing query area The shape of range query area must comply
with the nature of range queries. In metric vector spaces we search for
similar objects given by some threshold distance value. In non-metric
vector spaces we search for objects within coordinate ranges. The for-
mer aspect represents n-dimensional sphere and the latter n-dimensional



block. As we can see in figure 4 we’ve choosen n-dimensional sphere for
further analysis.

Volume of sphere in multidimensional discrete space is defined as follows:
Let K(r) denote number of points with integer coordinates contained
within circle, i.e. circle volume in discrete space.

Theorem 1. (Gauss) in [Cha69]
For K(r) the following asymptotic formula holds:

K(r) =7nr® + A(r)

The circle consists of all the points satisfying z? + a2 + - - - + 22 < r2.
The volume of a sphere in R™ is a function of the radius r and will be
denoted as V,(r). We know that Vi(r) = 2r, Va(r) = nr? and Vs(r) =
4_3

gﬂ"f’ .

To calculate V,,(r) (changing to polar coordinates) we get

v =[(f Va7 = 37)sd0) ds

By using induction, closed forms for calculation of higher dimensional
spheres can be derived

" 7ﬁ2n
Vanlr) = "
22n+1 sl T2n+1
Van =
2n+1() (2n + 1)

From theorem 1 we get the volume of n-dimensional sphere

Kn(r) = Va(r) + O(Va-1(r))

2.2 Curve Dependency Classification

We have find out that dependency on certain vector spaces characteristics
has important influence on the average utilization factor. We’ll venture to
proclaim that the higher dependency on space characteristics, the higher
average utilization. We have classified this dependency into three space
filling curve classes:

Dimension dependent curves First class of curves takes in ac-
count only the dimension of vector space, e.g. classical Z-curve. This
type treats the space as a multidimensional cube and is not suitable for
spaces with different domain cardinalities. In figure 5 we can see that the
curve overlap the real space. It is obvious that the average utilization of
that curve will be very low due to large smallest covering regions.
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Fig. 5. Dimension dependent curve, e.g. Z-curve and one of the smallest covering re-
gions

Address computation is also only dimension dependent. On the input
stand n attributes, bit length is uniform — I. In figure 6 is shown one
type of address construction, i.e. bit interleaving which is simply the
permutation of bit vector a of all attributes (concatenated to single vec-
tor). To every bit in every attribute is assigned a position in the resultant
address. Address contruction based on permutation can be easily realized
with permutation matrix A.

addr=a - A

Permutation matrix can be created from unitary square matrix by mul-
tiple column (or row) swap. Reconstruction of original attributes from
address is also simple — using the inverse matrix A~! which is equal (if
A is orthonormal — and permutation matrix is always orthonormal) to
the transposed matrix, i.e. AT = A1, Then

a=AT - addr

a, /bits a, Ibits a, /bits

n

i . B A L RN NN

address n x | =, bits

Fig. 6. Bit interleaving for dimension dependent address

Domain dependent curves The second class is not only dimen-
sion dependent but also domain dependent. Curves are constructed with
considerations to domain cardinalities. Curves of that type do not over-
lap given vector space (e.g. C-curve). Address construction for domain
dependent curves can be based on permutation matrix as well.

The curve for UB-tree we have announced in the beginning is one of
this type and is called PZ-curve. PZ-curve advances the original Z-curve



Fig. 7. Domain dependent curve, e.g. PZ-curve and one of the smallest covering regions

a, [, bits a, I, bits a, |/, bits
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address I, +1,+ ... +l, =1, bits

Fig. 8. Bit interleaving for domain dependent address

where the new quality we call proportionality of PZ-address, i.e. attribute
bits are interleaved proportionally to each domain (see figures 7, 8).
The PZ-address is intimately described in the next section.

Data dependent curves Third class of curves is dependent on ev-
erything known in the space even on the data stored within. However,
this type is rather theoretical and we present it here only for notion and

future motivation.

Fig. 9. Data dependent curve

Construction of address for data dependent curve is very complex. Gen-
erally, every bit of the output address is evaluated as a function of all
the coordinates in input. Even if we’d accomplish address computation
there is another complication. The curve is data dependent and therefore
it must be completely recomputed after adding new data.



2.3 PZ-address

Construction of PZ-address is based on proportional bit interleaving. We
can describe the interleaving with following simplified algorithm:
1. Vector of PZ-address is empty (all bit positions are empty). Order
of attributes a; is chosen as a parameter, ¢ € 1.
2. Bits of attribute a; are uniformly dispersed over the empty bit posi-
tions within the PZ-address vector.
3. Newly occupied bit positions are no longer empty — the vector of
PZ-address is beeing filled step by step.
4. Step 2 is repeated until index set I is exhausted.

Note: The order of attribute processing is important. Attributes that
are processed at first are more accurately dispersed into PZ-address.

For synoptic idea of the algorithm see figure 10.
PZ-address

|321|a11|331Ia12|322|a13|332|a14|323|a15|333|a16|az4|a17
a A A A A A A A A A AAAAA
1

|a11|a12|a13|314|315|316|317 | “I§”| ‘4312 ,°|314 A |3157, |a16JZ |a17
a, \

\_/ /
PP Bl n P o Pl s P
a, -

A31[432[“33]

R13

Fig. 10. PZ-address construction. First, bits of a1 are dispersed into the empty PZ-
address vector. Second, a2 is dispersed over the rest empty positions. Last attribute
(here a3) is actually not dispersed but coppied.

Formal description Let’s have n attributes (coordinates in n-dimensional
space). Attribute a; is represented as a bit vector of length I;. PZ-address
(vector PZaddr with length l, = Y7 | l;) is computed using following
permutation matrix:

00...010000 ...
————

ord(aj1)—1

00000...010 ...
—_

ord(aj2)—1

PZaddT:(allCLm---(121@22~~~aij)' OOb 01000

ord(azy)—1

0000...0100 ...
————

ord(a;;)—1



where ord(a;;) is the position of j-th bit of attribute a; in the resultant
PZ-address.

ord(a;;) = emptypos(i, j - disperse(a;))

where disperse(a;) is the uniform bit dispersion of a; over the remaining
empty positions in PZ-address.

sz' lk)
li

disperse(a;) = integer (

and where emptypos(i, k) is the k-th empty bit position in PZ-address
after the attribute a;—1 is processed.

emptypos(i, k) = min(F(i), k)

F(z) is the set function (F (i) C N) of all empty positions in PZ-address
before attribute a; is processed.

li
F(1)={1,2,...,1} F(i+1)=F(i)— ] {ord(a:)}
j=1
min(A, k) is the k-th minimum of an ordered set A
k—1
min(A,1) = min(A)  min(A k) = min(A — U {min(4,q)})

q=1

2.4 Test results

Figure 11 shows us the influence of space dependency on particular curves
and also their types. Proposed PZ-curve has relatively high average uti-
lization rate, thus seems to be suitable for usage with UB-trees.
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Fig. 11. Test results — with growing dependency grows also average utilization



3 Testing of the UB-tree range queries

One from the kind of the spatial queries is the range query. The algorithm
of UB-tree range query is described in [Ba97] and [Ma99]. Range query
processing finds all the tuples (objects) lying inside given n-dimensional
query block.

All the regions overlapped by n-dimensional block are retrieved and
searched during the processing of range query. The goal of our tests is to
show that PZ-regions (created using PZ-address) part the n-dimensional
space better than by using of Z-address. The goal is to show the query
block overlaps less regions by usage of the PZ-address than by usage of
the Z-address. If the query block overlaps less Z-regions, the less B-tree
pages are retrieved and also less disk accesses are done and less CPU
time is consumed.

We measure the rate of number of regions overlapped by n-dimensional
block by usage of tested address (for example PZ-address) to number of
regions overlapped by usage of Z-address. We will note the value as ef f:

numregsTested A

eff= (1.07

The ef f value for m query blocks is then calculated as:

> -100.0 (%]

numregsZ A

Yo numregsTestedA;
Yo numregsZ A;

effm = (1.0 - ) -100.0 [%]
where
numregsTestedA is the number of regions overlapped by query block
by usage of tested address (for example PZ-address)
numregsZ A is the number of regions overlapped by query block by
usage of Z-address
numregsTestedA; is numregsTestedA value for query block 4
numregsZ A; is numregsZ A value for query block
Positive ef f value means that number of accessed regions by usage of
tested address is less than numbers of accessed regions by usage of Z-
address.
We will execute three tests which consist of three subtests (the calcula-
tion of ef f3', ef f3* and ef f3® values) and compare PZ-address and Z-
address. The first subtest computes ef f3' value for three n-dimensional
blocks (see Figure 12a). The second subtest computes ef f3? value for
three n-dimensional cubes (see Figure 12b). The third subtest computes
ef f3* value for three n-dimensional blocks (see Figure 12c). Thus, each
of the test consists of three subtests, the nine tests were executed at the
whole. The ef foug value was the average for the nine tests.

Test 1:

We see dependency of ef f at the arity of the UB-tree in Figure 13. The
16000 tuples were inserted into the 4-dimensional space 16x64x16x64. We
see the usage of PZ-address gives better results by computation ef f3*
value, the usage of PZ-address gives the worse results by computation
effs? value. In spite of this — the ef fun, value is bigger than zero so
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Fig.12. The example of testing query blocks for 2-dimensional space 256x16. The
testing query blocks for calculation of a) ef f3* b) effs? and c) ef f3*.
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Fig. 13. The results of the test 1.

query block overlaps less number of regions by usage of PZ-address than
by usage of Z-address. Thus, less B-tree pages are retrieved. We see
ef favg value grows with growing arity.

Test 2:

We see dependency of ef f at the dimension n of space in Figure 14. The
number of inserted tuples grows with the dimension n. The tuples were
inserted into spaces with n = 2 (2D space 16x64), n = 3 (16x64x16),
n =4 (16x64x16x64) and n = 5 (16x64x16x64). We see the PZ-address
gives a better results with growing dimension.

4 Conclusions

In this paper we have presented some properties of space filling curves
according to the usage with UB-tree. The original design of UB-tree
takes into account only the possibility of Z-curve. We have shown that
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Fig. 14. The results of the test 2.

there exist several aspects giving a reason to propose another alternative
curves. This reason is especially based on maximization of the range
queries efficiency.

From this point of view we have designed such an alternative curve, i.e.
PZ-curve, which tries to take advantage of some space knowledge. PZ-
curve is domain dependent, i.e. is suitable for indexing specific vector
spaces with differently ranged domains. Example of data modelled within
this spaces could be the XML data. Modelling and indexing XML data
we closely discuss in [KPS02a,KPS02b].
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Abstrakt

V prispévku je prezentovana technologie eTrium, kterd umoziiuje vy-
tvaret informacni systémy tak, ze tyto systémy jsou schopny podporovat
vyvijejici se business pozadavky bez nutnosti neustalého doprogramova-
vani a preprogramovavani jiz existujiciho feSeni. Zakladni myslenkou je
deklarativné reprezentovat znalosti, které jsou pfi klasickém feSeni pii-
tomny v desintegrované formé v programovém kédu, struktutre databéze a
internich smérnicich firmy. Centralni roli v systému hraje znalostni agent,
ktery ridi aktualizacni operace nad databazi — z pozadovanych aktualizaci
databaze odvozuje dalsi aktualizace, které je nutné v souladu s aktualni
bézi znalosti provést. Technologie navic umoznuje automaticky dokazovat
nad platnou bazi znalosti, Ze z daného stavu dat v databézi nelze dospét
do specifikovanych stavi napt. chybovych nebo jinak vyznamnych. Tech-
nologie byla aplikovana na redlném komerénim projektu — implementaci
redakéniho systému pro poradenskou firmu. Zpusob, jakym se redakéni
systém chové je definovan v bazi znalosti. Modifikacemi baze znalosti je
mozno chovani systému okamzité zmeénit.

1 Délat véci spravné versus délat spravné véci

Kazdy informaéni systém (IS) mé v sobé zakédovany dva druhy znalosti: jed-
nak znalosti toho, jak provozovany business probiha - tedy business znalosti,



a jednak znalosti toho, jak vyuzit aktualni potencial informac¢nich technologii
pro podporu businessu - tedy IT znalosti. Klasicky ptistup k tvorbé a udrzovani
informacnich systému je zaloZen na tom, Ze se tyto znalosti prevadéji do pro-
gramového kédu. Dnesni metodiky a technologie vyvoje SW se zajimaji o to,
jak toto prevadéni znalosti a jejich udrzbu délat spravné. A jak zpusobit, aby
IT lidi spravné porozumeéli business pozadavkim a implementovali v IS to, co
uzivatelé skutecéné potfebuji. Otazka vsak zni: Je vabec spravné tyto véci
délat? Co kdyby se potfebné znalosti v IS ulozily centralizované a lidsky (neje-
nom programétorsky) srozumitelné v deklarativni formé tak, aby mohly snadno
byt predmétem analyzy? A co kdybychom po té, az se domluvime jak méa sys-
tém fungovat, pouze aktualizovali ”znalosti systému” a tento systém by rovnou
zacal fungovat novym pozadovanym zptisobem?

To lze udélat! Znalosti, dnes roztrousené v programovych kédech systému,
je mozné centralizovat do baze znalosti. Bazi znalosti pak obsluhuje program -
znalostni agent, ktery znalosti v ni interpretuje a spolupracuje na jedné strané
s firemnim intranetem (pro komunikaci informaci) a na druhé strané s databa-
zovym strojem (pro rozumné ukladani informaci).

2 Architektura informac¢niho systému v techno-
logii eTrium

Architektura libovolného IS vytvofeného v technologii eTrium je vyjadiena na
obr. 1. Vyznam t¥i jejich klicovych komponent: Komunikace a zobrazovani in-
formaci — Databaze — Znalostni agent je nasledujici:

e Komunikace a zobrazovani informaci znamend webovské feSeni, ne-
boli firemni intranet; zde je naprogramovéana logika zobrazovani a komu-
nikace informaci ve smérech systém — ¢lovék a systém — systém.

e Databaze je prostym tlozistém fakt pfipravenych tak, aby je bylo snadné
podle libovolnych pozadavkid prezentovat.

e KM agent (knowledge management agent — znalostni agent) za-
jiSuje s pomoci centralizované baze znalosti celou business logiku a jeji
podporu informac¢nim systémem. Znalostni agent umoznuje spolupraci i
s ruzné strukturovanymi databazemi, ponévadz soucasti jeho baze zna-
losti je i databazové schéma prislusného ulozisté dat.
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Obrazek 1: Schéma informacniho systému v architektuie eTrium

Nyni popiSeme zpusob spoluprace téchto komponent. P¥ipad A popisuje
bézné dotazovani na informace pii podpofe operativy v podniku/organizaci.
Pripad B popisuje pouziti téhoz systému v pripadé, kdy je potieba aktualizovat
stav databaze. Pripad C popisuje ladéni businessu a jeho IT podpory Ptripad D
popisuje rozsahlejsi zmény v business logice a zpusobu jeji IT podpory.

A. Uzivatel resp. jiny systém pozaduje odpové na néjaky dotaz Dvo-
jice hran Dotazy na stav databdze a odpovédi predstavuje vnitini komunikaci
komponent pii zodpovidani dotazti. Komponenta Komunikace a zobrazovdani
informaci zajiSuje, aby okoli systému mohlo zformulovat dotaz a posle jej kom-
ponenté Databdze. Komponenta Databdze vyhodnoti dotaz a odpové na néj
(v podobé seznamu faktt) vrati komponenté Komunikace a zobrazovdni infor-
maci. Ta zajisti zobrazeni informaci v pozadované formé pro uzivatele nebo pro
jiny systém. Korektnost dotazovaci akce (nepferuseni néjakou aktualizaci apod.)
zajisti komponenta Databdze svym vnitinim mechanismem — bézna funkce kaz-
dého rozumné pouzitelného databazového stroje. Pfi ¢teni faktt z Glozisté dat
tedy KM agent do hry viubec nevstupuje.



B. Uzivatel resp. jiny systém chce aktualizovat obsah databaze Kdyz
uzivatel resp. jiny systém vyslovi PoZadavek na aktualizaci databdze (viz pii-
slusnd hrana na obr. 1.), pak:

1. Komponenta Komunikace a zobrazovant informaci umozni tento pozada-
vek formulovat (poskytne potiebny formuldf) a aktualizaéni pozadavek
predd KM agentovi.

2. KM agent zahaji aktualizac¢ni transakci — uzavie komponenté Komunikace
a zobrazovdni informaci pristup do komponenty Databdze.

3. KM agent si k pfislusnému aktualiza¢nimu pozadavku vyzada z databaze
znamd fakta (relevantni kontext), tykajici se aktualizovaného zédznamu.

4. KM agent, na zakladé baze znalosti a znamych fakt o aktualizovaném za-
znamu a jeho souvislostech, odvodi dalsi aktualiza¢ni akce, které je potfeba
s timto zdznamem a jeho souvislostmi provést.

5. KM agent provede jak pozadované, tak odvozené aktualizac¢ni akce nad
databézi v komponenté Databdze.

6. KM agent ukonci aktualizacni transakci — otevie komponenté Komunikace
a zobrazovdni informact pristup do komponenty Databdze.

C. Uzivatelé zjisti, Ze je potieba upravit business logiku ¢i zpusob jeji
IT podpory Existuje okruh faktt a pravidel KM agenta, které mize uzivatel
ménit pomoci formulait nabizenych komponentou Komunikace a zobrazovdni
informaci. Tento okruh faktt a pravidel tvori ”laditelnou” ¢ast modelu. Muze
jit tfeba o zménu pravidel, zda napriklad dokumenty kategorie harmonogram
podléhaji schvalovacimu procesu ¢i nikoliv. Zména KM agenta probiha tak, ze
se nejprve aktualizuje baze znalosti a pak se provede zkonzistentnéni fakti ulo-
zenych v databazi viici nové bazi znalosti. To je realizovano nasledovné: z faktt
v databézi se "zapomenou” vSechna, kterd byla odvozena predchozi verzi KM
agenta a znovu se nechaji odvodit novou verzi KM agenta. Cely postup probiha
analogicky pripadu B a déje se pfi bézném provozu IS.

D. Uzivatelé zjisti, Ze je tFfeba revidovat celou business logiku ¢i zpu-
sob jeji IT podpory Po odsouhlaseni zmén a nové (pozménéné) znalostni
baze, probéhne zména v systému témito kroky:



1. Je zaarchivovan KM agent ve stavu pfed zménou. Je provedena archivace
datové zakladny Databdze.

2. Je vytvorena nové verze KM agenta.

3. Je provedeno otestovani novych pravidel businessu ve vSech disledcich po-
moci podpurnych programi. K tomu slouzi ladici pravidla, testy tplnosti
atd. (viz kapitola 5).

4. Je provedena oponentura vysledki testovani nové business logiky s klien-
tem.

5. KM agent provede zkonzistentnéni dat v Databdze

3 Reprezentace znalosti KM agenta

V této Casti popiSeme, jakym zputsobem jsou znalosti reprezentovany v KM
agentovi.

Kli¢ovym konstruktem, ktery pri reprezentaci znalosti vyuzivame je kate-
gorie. Nejprve si potfebujeme objekty (ve smyslu jednotliviny), se kterymi IS
pracuje, néjak primarné rozdélit — otypovat. To znamena vytvorit si soubor ka-
tegorii s tou vlastnosti, ze kazdy objekt patii do pravé jedné kategorie z tohoto
souboru ( soubor kategorii namodelujeme jako kategorii jejiz prvky jsou kate-
gorie). Napiiklad KM agent v konkrétni aplikaci technologie eTrium, kterd se
nazyvé eDialog [3], m4 deklarovano toto typovéani dokument, publikacni projekt,
redaktor apod.

Objekty je dale potieba jemnéji t¥idit podle jejich vlastnosti. Na toto tFidéni
vyuzijeme opét kategorie. Obecné plati, Ze nas zajimaji takové kategorie, k je-
jichz instancim se v business oblasti ¢i oblasti IT podpory potfebujeme chovat
jinak nez k jinym objektim. V pfipadé dokumentd budeme napiiklad potie-
bovat kategorie schvalované dokumenty, neschvalované dokumenty, dokumenty
vizualizované v pravém hornim okné, dokumenty vizualizovdné v okné aktualit.
Konkrétni znalost pak muze vypadat napriklad takto: objekt cenik kursi-2002
patfi do kategorie schvalované dokumenty. Obecné méa tento druh znalosti formu
objekt je v kategorii.

Abychom byli schopni se v mnozstvi kategorii, které realné aplikace potie-
buji (viz kapitola 6), potfebujeme se soustiedit i na porddéani kategorii. Objekty
naseho zajmu se tedy te stanou kategorie, znalosti budeme vyjadfovat ve formé:
kategorie je v kategorii (ve smyslu: je prvkem kategorie). Zavedeme si tedy



napiiklad kategorie rezim schvalovdni ¢i vizualizacni kategorie dokumenti. Kon-
krétni znalost pak miize vypadat takto: kategorie schvalované dokumenty patii
do kategorie rezim schvalovdni.

Dalsi druh znalosti vyjadfujeme pomoci vztahi mezi kategoriemi. Nejcastéji
potfebujeme vyjadrit znalost typu: pokud je objekt v kategorii X pak je tieba
ho zaradit do kategorie Y — napt.: pokud je objekt v kategorii harmonogram
pak je tfeba ho zaradit do kategorie dokumenty vizualizované v pravém hornim
okné. Tyto vztahy mezi kategoriemi vyjadiujeme pomoci produkénich pravidel.
Ty jsou obecné tvaru IF podminky THEN akce . Pokud plati v pravidle uve-
dené podminky jsou vykonany uvedené akce. Diky vyjadfovani znalosti pomoci
kategorii nepotfebujeme pracovat se zcela obecnou formou produkénich pravi-
del. Lze se omezit na produkéni pravidla, ve kterych se podminky vzdy dotazuji
na prislusnost objektu do kategorie a akce je jedna z nasledujicich: zata objekt
do kategorie nebo vyra objekt z kategorie.

4 Dva pojmové systémy KM agenta

Specifikaci jednotlivych kategorii a vztahii mezi nimi vlastné definujeme pojmovy
systém KM agenta. Timto pojmovym systémem pak KM agent "nahlizi” na ob-
jekty v informacnim systému.

Jednou z kli¢ovych myslenek technologie eTrium je ta, ze KM agent dispo-
nuje dvéma pojmovymi systémy: 1) pojmovym systémem dané business oblasti
2) pojmovym systémem IT podpory. Klicovou ¢innosti agenta je realizace mapo-
vani z pojmového systému business oblasti do pojmového systému IT podpory.
Konkrétné to znamené:

e provést analyzu zkoumaného zdznamu a jeho relevantniho okoli pojmovym
aparitem dané business oblasti (viz bod 3, pfipad B, kapitola 2)

e na zakladé této analyzy popsat zkoumany zaznam a jeho relevantni okoli
pomoci pojmového systému IT podpory (viz bod 4, pfipad B, kapitole 2)

Prikladem mutze byt prozkoumani business vlastnosti dokumentu a na zakladé
toho, Ze je o centk (pojem z business oblasti) tento dokument zafadit mezi
dokumenty vizualizované vpravo nahote (pojem z IT podpory).

Hlavnim duvodem pro existenci dvou pojmovych systémia KM agenta je
snaha zjednodusit a zefektivnit proces IT podpory. Divodem pro existenci né-
jaké kategorie v pojmovém systému IT podpory je pozadavek, aby se IT podpora
chovala k prvkim (objektim) této kategorie jinak nez k ostatnim objekttim.



Identifikace objekti, ke kterym se ma IT podpora chovat jednotné musi byt
primé a nezatiZzena business vlastnostmi. Prikladem IT kategorie muze byt ka-
tegorie dokumenty zobrazované vpravo nahore. To aby do této kategorie pattily
pravé ty dokumenty, které se maji zobrazovat vpravo nahote zajisuje KM agent
(konkrétné néjaké produkéni pravidlo). Pozadavek zékaznika na zménu vizuali-
zace cenikt lze pak uspokojit pouhou zménou pfislusného produkéniho pravidla
v bazi znalosti — tato zména se programatori viibec nedotkne. Programatoti se
tedy nemusi (a nesmi) zajimat o business vlastnosti zkoumaného objektu (napf.
zda jde o cenik nebo upoutavku na spole¢enskou akci). Vpravo nahote zobrazuji
presné ty dokumenty, které patii do kategorie dokumenty zobrazované vpravo
komunikace programéatort s business lidmi a snaze o vzajemné porozumeéni.

Princip dvou pojmovych systémt déle vyrazné zjednodusuje ladéni celého
informacniho systému. U klasicky vytvarenych systému je ladéni vzdy kompli-
kovano skutecnosti, ze neocekavana funkce programu nad danymi daty muize
byt zptsobena bu:

e chybou programéatora pii kédovani pravidel a fakttt do programu
e Spatnym porozuménim programéatora tomu, co ma vlastné naprogramovat
e chybou v business logice

Informacni systémy vytvorené pomoci technologie eTrium lze ladit po ¢astech:

e odladit business logiku (to lze délat uz i ve fazi nédvrhu bez existence
komponenty Databdze a Komunikace a zobrazovdnt)

e ladénim korektnosti IT podpory (tj. Ze to co se mé zobrazovat vpravo
nahofe se opravdu zobrazuje vpravo nahote)

e ladénim mapovani business svéta do IT svéta

5 Podpora tvorby a udrzby KM agenta

Je zfejmé, ze pojmové systémy agenti Fidicich realné informacni systémy budou
veelku rozsahlé (viz kapitola 6). Proto je potfeba néjakym zptisobem névrh a
udrzovani pojmovych systému podporit. Popiseme zde dva dopliiujici se zpua-
soby.

Prvni zpisob spociva ve vyuziti stejného zpisobu prace s kategoriemi, jako
jsme jiz popsali. Objektem zajmu jsou nyni kategorie a pravidla pouzitd pro



specifikaci KM agenta. Zavadime nové ”ladici” kategorie, jako napt.: zatim ne-
ovérend pravidla, business kategorie, které nejsou mapovdny na IT kategorie,
zatim neodsouhlasené business kategorie apod. Tedy stejnym zptisobem jakym
7stavime” KM agenta si tak muzeme stavét ”konceptualni leseni” pomoci kte-
rého KM agenta stavime.

Druhy zptsob spoéiva v pouziti metody automatického dokazovani. Chceme
si nechat dokézat, Ze se néco nemuze stat (napiiklad, Ze na web nebude vystaven
neschvéleny dokument), nebo ze pokud se néco stane, tak se to stane pravé
danym zptsobem (napiiklad, ze ve sloupci aktualit budou zobrazovany praveé a
jenom aktuality). Zde lze vyuzit metod, pouzivangch pro automatickou verifikaci
znalostnich systémil. Nejjednodussi pristup je tento: kategorii a produkénich
pravidel je konecné mnoho. Objekt daného typu mize tedy byt pouze v konecné
mnoha stavech, kdyz stav objektu je iplné zadan mnozinou kategorii, do kterych
objekt nalezi. Mozné prechody mezi stavy objekti jsou zadany pravé mnozinou
produkénich pravidel. Pokud tedy zaddme pocatecni stav a koncovy stav, lze
aplnym prohledanim stavového prostoru zjistit, ze

e Zadnou sekvenci pouziti aktualné platnych produkénich pravidel se z da-
ného pocatecniho stavu nelze dostat do stavu koncového. Napft. pocatecni
stav je dokument nepattici do zadné kategorie a koncovy je dokument pa-
tfici do kategorii neschvdlené dokumenty a dokumenty vystavené na webu.

e 7 pocatecniho stavu do koncového stavu se 1ze dostat pravé danymi sek-
vencemi pouziti pravidel. Napf. pocatecni stav je dokument nepattici do
zaddné kategorie, koncovy je dokument patiici do kategorie dokumenty
vizualizované ve sloupci pro aktuality a sekvence pravidel je: 1. pokud je
dokument ozndmeni pak je aktualitou, 2. pokud je dokument aktualitou
pak je vizualizovan ve sloupci pro aktuality.

Lze téz podpoftit porovnavani chovani dvou rtznych verzi KM agenti, a tak
zabranit vzniku nezadoucich vedlejsich efektt aktualizace KM agenta.

6 Informacni systém eDialog

Technologie eTrium byla aplikovana pti implementaci redakéniho systému eDia-
log [3] pro poradenskou firmu, ktery umoznuje publikovat informace o ¢innostech
a projektech firmy na webu, vydavat newsletery, organizovat diskusni féra, pla-
novat a sledovat redakéni ¢innosti apod. Systém byl implementovan v prostfedi



operac¢niho systému Linux, jako databdzovy stroj byl pouzit PostgreSQL, komu-
nikacni rozhrani bylo implementovano v PHP a KM agent byl implementovan
v SWI Prologu.

Definice KM agenta, ktery fidi cely redakéni systém, obsahuje 350 kategorii
— z toho je 188 business kategorii, 119 IT kategorii a 43 ladicich kategorii.
Pravidel je pouzito 140 — z toho je 90 pravidel tykajicich se konkrétnich objektt
a 50 pravidel tykajicich se kategorii. Skoro vsechna pravidla jsou jednoduchého
tvaru — X je v kategorie A pak plati X je v kategorie B. Redakéni systém byl do
rutinniho provozu nasazen v bfeznu 2002, dynamicky web, ktery je pomoci néj
spravovan lze nalézt na adrese www.expertis.cz.

7 Zavér

Logika kazdého businessu vychazi ze stejnych formalnich principt (teorie pojmi
a pojmovych systémil [1] [7]). Na zakladé znalosti formalnich principt je logika
kazdého businessu [5] strukturovatelna na sadu elementarnich fakti a pravidel.
Nad témito fakty a pravidly pracuje KM agent schopny z dodanych fakt vyvo-
zovat fakta nova, kterymi je definovano chovani systému.

Dusledky pro navrh informaéniho systému

e Doba potiebna pro implementaci systému se prakticky redukuje na dobu
potiebnou ke konceptualnimu zvladnuti businessu, pfipravé prislusnych
obrazovkovych formulard a doprogramovani ”plug-inovych operaci” pro
podporu procesu tvorby a ruseni nékterych fakta.

e Moznost simulovat nad KM agentem chod businessu bez nutnosti existence
dvou zbylych komponent.

e Lze se soustiedit vyhradné na odhalovani chyb v logice popisu businessu,
nemichaji se do toho potencialni chyby zpiisobené programéatory.

e Moznost poloautomatické verifikace namodelované logiky. Je mozné defi-
novat a nechat si automaticky vyhledavat ” podezrielé” skupiny odvozenych
faktt a okamzité identifikovat pravidla, ktera podeziely vysledek vyrobila.

e Zcela automaticky je mozné nechat dokazovat, ze pomoci definovanych
fakt a pravidel nelze dosdhnout specifikovanych (chybovych) stavi. To
nam umoznuje ziskat stoprocentni jistotu, ze I'T podpora zajisuje nedosazi-
telnost identifikovanych problémt. Neboli: Vime-li, které stavy v business
procesu nesmi nastat (a to lze identifikovat [6]), mame jistotu, ze s IT



podporou dle této technologie nenastanou. Toto je vyrazny rozdil oproti
klasicky vytvarenym informacnim systémtm, kde se vzdy jedna o otazku
viry.

Dausledky pro adrzbu systému

e Existence neustale aktudlniho popisu businessu a jeho IS (soubor kate-
gorii a pravidel) — toto ma vyrazny pfinos pro ziskdni a udrzovani ISO
certifikace. Popis businessu nelezi ve skfini, ale béha podle néj IS. Popis
informacniho systému pfi tom neni zaklet v programovém kédu ¢i poten-
cidlné neaktualni dokumentaci.

e Snadna identifikace dopadil zmény s vyuzitim simulace a poloautomatické
verifikace.

e Moznost pustit starou a novou verzi KM agenta paralelné a automaticky
vyhledat rozdily v odvozenych souborech fakti. Velka ¢ast zmeén se ode-
hrava pouze v business pravidlech a neni tedy nutné nic pfeprogramovavat
— provedeni zmény je rychlé a bezpecné.
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Abstrakt

Prispévek presentuje vyuziti jednoho z modeli neuronovych siti, tzv. sa-
moorganiza¢nich map, k vykreslovani grafi, a to specialné troviiovych (le-
vel graph) grafi, jednoho z typu plandrnich grafi. Samoorganizaéni mapy
jsou zalozené na soutéznim modelu uceni, jsou to metody, které vyuzivaji
strategie uceni bez ucitele. Spoleénym principem téchto modela je, ze vy-
stupni neurony spolu soutézi o to, kdo bude vitézny, tedy aktivni. Asi nej-
dulezitéjsi neuronovou architekturou, vychéazejici ze soutézniho uceni, je
Kohonenova samoorganiza¢ni mapa. Zde presentovany prispévek ukazuje
pouziti myslenky Kohonenovy samoorganiza¢ni mapy (SOM) * a pomoci
jejiho rozsifeni ukazuje dalsi moznost jeji aplikace na kresleni grafia. Po
vysvétleni principu prace neuronovych siti a popisu pouzivané terminolo-
gie je popsan postup, pouzity pii rozsifeni SOM a prezentovana prakticka
ukazka vystupu pro zadany graf. Jedn4 se pravdépodobné (podle dostupné
literatury) o jedno z prvnich uplatnéni tohoto pfistupu pii vykreslovani
planarnich grafti. Rozsifeni SOM pro kresleni graft je prezentovano v [1].

1 Motivace

Piispévek je navdzanim a pokracovanim piispévku Jany Kohoutkové 2, ktery
shrnoval hlavni rysy projektu Hypermedata (CP 94-0943, [2]), jehoZ cilem bylo
vybudovat prostiedi a nastroje pro vzajemnou vyménu dat mezi nezédvislymi
nemocniénimi informaénimi systémy (NIS).

1SOM Self-Organizing Map
2ITAT 2001, Orientované grafy jako nastroj systémové integrace



Projekt Hypermedata pokryva dvé souvisejici oblasti:
e integraci datovych zdroju,
e jejich jednotnou prezentaci uzivateltim.

Cilem je integrovat data ze zcela nezavislych informacnich zdroju, jejichz
existence a budouci vyvoj nesméji byt omezeny zptsobem, jakym budou spo-
letné integrovany do uzivatelsky jednotného celku. Proto je integrace resena
cestou vzajemné vymény dat konverzemi pres standardni datové rozhrani. Pod-
minkou je jednotné uzivatelské rozhrani v ramci celého konverzniho toku dat.
Systém navrzeny a implementovany v ramci projektu tedy sestava ze dvou za-
kladnich komponent: datového pfevodniku a prohlizece/zobrazovace.

Warmenné rozhrani

/ K anonickeé schéma \

| Prewodnilk I A do E3 | | Pirewvodnilk K3 do IZ B |

IS A / \ IS B

Obr. 1 Transormace datovych instanci z IS A do kanonického schématu
(KS) a déle do IS B

Zakladni architektura je jednoducha. Pro zvolenou aplika¢ni oblast kazdy
zucastnény informacni systém poskytne specifikaci svého exportniho schématu,
které je pouzito pro prevod datovych schémat a jejich vazeb do kanonického
schématu. Z kanonického schématu je mozné datové schéma a jejich vazby trans-
formovat do formatu jinych informacnich systémi. Schémata i specifikace trans-
formacnich pravidel jsou interné popsana a reprezentovana pomoci orientova-
nych grafi s rozliSenymi typy uzld a hran. Typem uzlu je rozliSena entita od
asociace, typem hrany je rozliSen asociacni vztah od ISA vztaht.

Dale se soustfedime na moznosti prohlizece, ktery prezentuje transformovana
data uzivateli.

Vstupni data pro prohlize¢ jsou:

e popis dokumentu,

e data dokumentu.



Popis dokumentu je popisem grafové struktury, ktera bude zobrazena uziva-
teli, tj. mnoziny uzli, hran a omezujicich podminek odpovidajicich jak objekttim
datového modelu (entitdm, atributtim, relacim), tak objekttim dokumentového
modelu (strankdm, atributim a hypertextovym odkaztim).

Data pro dokumenty, tj. skuteéné hodnoty pro entity, jejich atributy a aso-
ciace mezi nimi, jsou poskytovana na vyzadani z datového serveru, naplnéného
daty v procesu konverze.

Prohlize¢ pracuje jak s grafovou strukturou dokumentu, tak s jeho daty.
Uzlem grafu dokumentu muze byt bud entita nebo relace, spojené jednoduchymi
hranami. Kazda hrana spojuje entitu s relaci.

Prohledavani se realizuje v prohledédvacim okné, kde je jednak zobrazena
struktura dokumentu jako graf (intenze), jednak je zobrazen seznam vyskytii
(extenze) zvoleného uzlu grafu. Zobrazovéni atributt zvoleného vyskytu se re-
alizuje v okné WWW prohlizece. Na ukazce na obrazku 2 vidime v levé ¢asti
okna prohlizece strukturu grafu, v pravé ¢asti je obsah vybrané entity. Pro ucely
prezentace struktury grafu byla pouzita heuristika, ktera vice méné spliovala
naroky prezentace. Jednotlivé uzly grafu byly vykresleny ve svych trovnich a
spojeny hranami dle zadéani.
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Obr. 2 Struktura dokumentu s vybranou entitou

Potfeba zobrazit strukturu dokumentu ve tvaru, jak je vidét v levé Casti
okna, tj. vykresleni troviiového (v literatufe level graph) grafu stéla na zacatku
myslenky pouzit moznosti neuronovych siti.

2 Matematicky model neuronové sité

2.1 Fomalni neuron

Formalni neuron (dale bude pouzivin pouze pojem neuron) je zédkladem mate-
matického modelu neuronové sité. Jeho struktura je schematicky zndzornéna na
obrazku 3.
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Obr. 3 Formélni neuron
Je vidét, ze formalni neuron mé n obecné redlnych vstupt 1, . . ., z,. Vstupy
jsou ohodnoceny obecné redlnymi vahami wy, ..., w,. Vazena suma vstupnich

hodnot predstavuje vnitini potencial neuronu:

n
= Z W; Ty
i=1

Hodnota vnitfniho potencidlu £ po dosazeni prahové hodnoty A indukuje
vystup neuronu y. Vystupni hodnota y = (&) pfi dosazeni prahové hodnoty
potencialu h je ddna pfenosovou (aktivaéni) funkci f. Pfenosova funkce tedy pte-
vadi vnitini potencial neuronu do definovaného oboru vystupnich hodnot. Tato
aproximace biologickych funkci neuronu (v literatufe nazyvané Linear Treshold
Gate, LTG) byla popséna v [4].

Po formalni Gpravé dosdhneme toho, Zze funkce f bude mit nulovy prah
(takze nebude uz rovny h) a prah neuronu se zdpornym znaménkem budeme
chapat jako vahu wg = —h dalsiho forméalniho vstupu z¢p = 1 jak je nakresleno
v obrazku 3. Matematicka formulace funkce jednoho formélniho neuronu je po
téchto tpravach dana vztahem:

B [ 1 pokud £>0 o~
y_f(g)_{o pokud §<0 9 kde g_;wzxz

Tato diskrétni pfenosova funkce byvéa aproximovana spojitou (pfipadné dife-
rencovatelnou) funkci, pouzivané funkce jsou, mimo ostré nelinearity, saturovana
linedrni funkce, standardni (logistickd) sigmoida), hyperbolicky tangens a jiné.



Pro feseni slozitéjsich problémii je tfeba neurony propojit néjakym zptisobem
dohromady, tj. vytvafime neuronovou sit.

2.2 Neuronova sit

Vzéjemné propojeni neuronti v siti a jejich pocet urcuje architekturu (topologii)
neuronové sité. Stavy vSech neuronu urcuji stav neuronové sité a vahy vsech
spoju predstavuji konfiguraci neuronové sité. V neuronové siti dochézi v ¢ase ke
zménam. Méni se propojeni a stav neuronti, adaptuji se vahy. Pro nase tcely si
specifikujeme blize adaptivni dynamiku.

2.2.1 Adaptivni dynamika

Adaptivni dynamika specifikuje pocdtecni konfiguraci sité a zmény jejich vah v
case. Vsechny mozné konfigurace sité tvoii vdhovy prostor neuronové sité. Na
zacatku prace v adaptivnim rezimu se nastavi vahy vSech spoji na pocatec¢ni
konfiguraci (¢asto se pouzivd ndhodné nastaveni vah). Pak nésleduje proces
vlastni adaptace. Cilem adaptace je nalezeni takové konfigurace sité ve vahovém
prostoru, kterd pii pouzivani sité bude realizovat pfedepsanou funkci. Adaptivni
rezim slouzi k ucend sité pro realizaci zadané funkce, tj. aby realizovala zobrazeni
¢ z mnoziny vstupnich vektorid X C " do mnoziny vystupnich vektori Y C
R™. Neuronova sif aproximuje pozadované zobrazeni funkci y = f(z,w, 0), kde
y je vystupni vektor, x je vstupni vektor, w je vektor vSech vah sité a 6 je vektor
praht. Funkce f je urcena typem neuronu a topologii sité. BEhem uceni se méni
parametry w a 6. U¢ici algoritmus pro pozadované zobrazeni ¢ : X —Y nalezne
takové w a 6, ze funkce f je pravé aproximaci tohoto zobrazeni.

Adaptivni rezim muZeme rozdélit v zdsadé na dva typy: uceni s ucitelem
(learning with the teacher, supervised learning) a bez uditele (unsupervised lear-
ning). Struéné si popiSeme uceni bez ucitele.

Pfi uCeni bez ucitele je na vstupu trénovaci mnozina vstupt, trénovaci vzory.
Sit v adaptivnim reZimu sama musi odhalit optimalizacni kriteria. To ale na dru-
hou stranu znamena, ze jednotlivy typ sité je vhodny k feseni jednotlivych pro-
blémt. Typické aplikacni oblasti jsou napt. shlukova analyza, asociace, kédovani,
komprese a jiné. Nejznaméjsi modely neuronovych siti, zalozené na uceni bez
ucitele, jsou modely vyuzivajici uceni zalozené na Hebbovském zakoné (tzv. He-
bbian learning), soutézni uceni (competitive learning) a samoorganiza¢ni mapy
(self-organizing feature map learning). Principem metod, zaloZenych na strategii
soutézniho ucenti je, ze vystupni neurony sité spolu soutézi o to, ktery z nich bude
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soutézniho uceni, je Kohonenova samoorganizac¢ni mapa (Self Organizing Map).

2.3 Kohonenony samoorganiza¢ni mapy (SOM)

Jednd se o dvouvrstvou sit s iiplnym propojenim jednotek mezi vrstvami. Vstupni
vrstvu tvofi n neurond pro prenos vstupnich hodnot x € R”. Vystupni vrstvu
tvofi reprezentanti (codebook vectors) w; € R”; (i = 1,...,h). Jako reprezen-
tanta priradime ke kazdému vektoru x tu jednotku w,, kterd je mu nejblizsi,
tj.

c=arg mini—,..n{[|x — wi||}

Vahy nalezejici jedné vystupni jednotce urcuji jeji polohu ve vstupnim pro-
storu. Vystupni jednotky jsou usporadany do néjaké topologické struktury, kte-
rou je dano, které jednotky spolu sousedi. Pro naSe ticely pouzijeme dvojroz-
mérnou ¢tvercovou miizku.

wistupni vrstva

witupni wrstva

wstupy

Obr. 4 Priklad topologie Kohonenovy neuronové sité

Déle zavedeme pojem okoli neuronu: N(c) = {j; d(j,c) < s} kde pro okoli
Ng(c) neuronu c plati, Ze vzdalenost ostatnich neuronii v siti je mensi nebo
rovna s, s € N.



Adaptivni dynamika je jednoduché. Po predloZeni jednoho tréninkového
vzoru probéhne mezi neurony sité soutéz, ktera urci, ktery neuron je nejblize
predlozenému vstupu. U¢ici algoritmus pro vitézny neuron mé tvar:

Ji Ji
Wy jinak

wj;

~ { w10 — WYY e No(e)

kde ¢ = arg minlzlmh{Hx(t) — wy| }, parametr § € R, 0 < 0 < 1 urcuje
miru zmény vah. Pro ndzornéjsi predstavu je mozna geometricka predstava, kde
vitézny neuron ¢ posune svij vahovy vektor w,. o uréitou pomérnou vzdalenost
k aktualnimu vstupu. Je snaha o to, aby vitézny neuron jesté zlepsil svoji pozici
oproti ostatnim neuronim vici aktualnimu vstupu.

3 Od SOM ke kresleni planarnich graft

Na nakresleni grafu jsou kladené podminky, které maji ucinit strukturu grafu
prehlednou a esteticky piijemnou. Ale toto jsou kriteria, které jdou jen obtizné
formalizovat. Nékteré obecné zasady pro nakresleni jsou napt. minimalni pocet
hran které se kiizi, rovnomérné rozdéleni uzla a délek hran. Ale optimalizace
hran je NP-tplny problém [7]. Proto se pouZzivaji heuristické metody pro apro-
ximaci optimalniho nakresleni.

Jestlize se divdme na vahovy prostor ne jako na vysledek néjakého dotazu,
ale vezmeme vahovy prostor jako pohled na graf, dostdvame se k myslence a
postupu, pouzitému v tomto ptrispévku. Topologicka struktura ve tvaru miizky
se muze podobat nakresleni néjakého grafu, ktery ma tvar iroviiového grafu, po-
kud si predstavime misto vystupnich neuront uzly a hrany mtizky nahradime
hranami grafu. Prvni myslenkovy posun je tedy v pohledu na vysledek prace
SOM, kde pouzijeme chovani vahovych vektord a jejich pozici jako vysledek,
tj. nakresleni grafu. Druhy krok v nasem myslenkovém posunu spociva v tom,
Ze misto trénovani sité k tomu, aby davala spravné vystupy vzhledem k zada-
nym vstuptim, nase sit po natrénovani nebude uz nikdy pouzitd, tj. vysledek
trénovaciho procesu je v nasem pripadé povazovan za vystup.

Ve standardnim modelu SOM jsou sousedni neurony ve vystupni vrstvé spo-
jené do tvaru mrizky. V pripadé kresleni grafu v nakresleni, které je podobné
arovniovému grafu, nemohou byt spojené vSechny neurony, ale pouze ty, které
odpovidaji zadani grafu, tj. seznamu uzli a hran mezi nimi.

Pred samotnym zpracovanim je provedena Gprava hran, které jsou mezi uzly
na tdrovnich, které nejsou sousedni. Takové hrany jsou fiktivné rozdéleny, a je



mezi né, na kazdou vynechanou urover, vlozen fiktivni uzel. Na konci zpraco-
vani, po rozmisténi uzli, se odstrani fiktivni uzly a rozdélené hrany se nahradi
puvodni, spojujici opét dva pavodni uzly.

Dalsim krokem je rozhodnout, co je v nasem pfipadé vitézny neuron a jaké
je jeho okoli. V prispévku je pouzita ukdzka vystupu, kdy jako prvni je pouzit
uzel (neuron) v nejsirsi vrstveé, tj. ve vrstvé, kterd obsahuje nejvice uzli. Okoli je
tvoreno nejdrive uzly ve vyssich vrstvach, spojené hranami se zvolenym uzlem,
az do zvolené trovné. Takto se postupné prohlasi vSechny uzly v nejsSirsi vrstve
za vitéze a je pro né uplatnén vztah pro vitézny neuron. Déle se postupuje
stejné pro uzly ve vysSich vrstvach, az se vycCerpaji vSechny vrstvy. Analogicky
se postupuje pro uzly v nizsich vrstvach.

4 Priklad pouziti

Seznam uzll a hran je zadan ve tvaru shodném s ptavodnim zaddnim pro projekt

Hypermedata.
Zadani uzlt:
20071 20057
200 6 2 2005 8
2006 3 2005 11
2006 4 200 5 12
2006 5 20039
20056 200 3 13

Prvni sloupec je soufadnice x, druhy sloupec je souradnice y uzlu, jehoz
nazev je ve tretim sloupci. Pokud pouzijeme jako piiklad prvni uzel, mé jeho
soufadnice x hodnotu 200, soufadnice y mé hodnotu 7 a ndzev uzlu je 1. VSechny
uzly maji soutadnici x shodnou. Pfi skute¢ném trénovani SOM se voli vahy spoju
nahodné, vétsinou se pouzivaji hodnoty blizké nule. Zde byla pro nazornost, jak
se prislusné uzly posouvaji ve vahovém prostoru béhem trénovani sité, zvolena
velkd hodnota soufadnice x. Soufadnice y reprezentuje uroven uzlu, takze uzel,
ktery je umistén nejvyse, ma nejvyssi hodnotu souradnice y.

Zadani hran:

12 26 39 438
13 27 311 49
14 28 213 512
15 36 412 513

Prvni sloupec je nazev uzlu z kterého hrana vychazi, druhy sloupec je nazev
uzlu, do kterého hrana vstupuje.



V nézvu pfispévku je pouzity termin planarni graf, vysledné nakresleni ale
neni planarni. Byl zvolen zamérné takovy typ grafu, aby s planarnim vykresle-
nim byly problémy. Ale na druhou stranu je nutné pohlizet na prispévek jako
na prvni uplatnéni myslenky, kterou je jesté nutné propracovat. Bylo by mozné
napf. volit jiny postup pfi vybéru vitézného neuronu, jiné vstupni hodnoty sou-
vstupnich vektord a vypocitat nové pozice, zda bude pocet kiizeni mensi apod.

Na obrazku 5 je vidét postup, jak je graf postupné vykreslovan tak jak
dochézi k prepocitavani vah pro jednotlivé uzly. Stavy pri nakresleni grafu se
meéni shora dolti a z leva do prava, takze vlevo nahote je jeden z prvnich stavi,
vpravo dole je vysledné nakresleni. Pro lepsi piehled je na obrazku 6 vysledné
nakresleni grafu.

5 5 5
B B 5
I — 1
4 4 4
oL - . ol - . ol - -
o 15 20 o 15 20 o 15
5 5 5
5 5 5
IV |4
4 4 4
oL - ) - . gl - -
o 15 20 o 15 20 o 15 0

Obr. 5 Priklady trénovani sité
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Obr. 6 Priklad nakresleni zadaného grafu

Reference

[1] Meyer B. Self-organizing graphs a neural perspective of graph layout, 1998
URL:http://welcome.to/bernd.meyer/

[2] CP 94-0943 HyperMeData (interni dokumentace kprojektu). HyperMeData
Consortium 1998

[3] Sima J., Neruda R. Teoretické otézky neuronovych siti. 1. vyd. Praha :
Univerzita Karlova. Matfyzpress, 1996. ISBN 80-85863-18-9

[4] McCulloch W. S., Pitts W. A logical calculus of the ideas immanent in
nervous activity. Bulletin of Mathematical Biophysics, 5:115-133, 1943.

11



(5]

Grossberg S. Adaptive pattern classification and universal recording: I. pa-
rallel development and coding of neural feature detectors. Biological Cyber-
netics, 23:121-134, 1976

Grossberg S. On learning and energy-entropy dependence in recurrent and
nonrecurrent signed networks. Journal of Statistical Physics, 1, 319-350,
1969

DiBatista G., Eades P., Tamassia R., Tollis G. Algorithms for drawing
graphs: an annotated bibliography. Journal of Computational Geometry
Theory and Applications, 4:235-282, 1994

12



	Cover
	Table of Contents

	Preface
	
Holan, Plátek - DR-parsing a DR-analýza
	
Hric - Design Patterns Applied to Functional Programming
	
Procházka, Plátek - Redukční automaty, monotonie a redukovanost
	
Kohoutkova - Hypertext Presentation of Relational Data Structures
	1 Motivation
	2 Running Example
	3 The Integration Problems
	4 DDL: Data, Documents, Transformations
	4.1 Data Definition
	4.2 Document Definition
	4.3 Data-Document Transformations

	5 Presentation Hyperdocument
	6 Directions for Future Work

	
Antolík, Mrázová - Organizing Image Documents with Self-organizing Feature Maps
	
Bednárek, Obdržálek, Yaghob, Zavoral - DDDS - The Replicated Database System
	DDDS - The Replicated Database System
	1 Project goals
	2 Database architecture
	3 System structure
	3.1 Table
	3.2 Reader
	3.3 Writer

	4 The Client
	4.1 UGNP

	5 The Server
	6 DQL/DQI
	7 Conclusions
	8 References


	
Beran, Mrázová - Elastic Self-Organizing Feature Maps
	
Dvorský, Snášel - Random Access Compression Methods
	
Dvorský, Snášel, Vondrák - Random access storage system for sparse matrices
	
Fabián - Information contained in an observed value
	
Hvizdoš - Neural Networks in Speech Recognition
	
Krajči - Vektorová min-max metrika
	
Krivoš-Belluš - Formálna analýza bezpečnosti protokolu IKE
	
Levický - Neural Networks in Documents Classification
	
Mrázová, Tesková - Hierarchical Associative Memories for Storing Spatial Patterns
	
Skopál, Krátký, Snášel - Properties Of Space Filling Curves And Usage
	
Staníček, Procházka - Technologie eTrium - Znalosti, agenti a informační systémy
	
Svoboda - Použití myšlenky neuronových sítí při kreslení planárních grafů

