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Abstrakt:

Neuronové sé predstavuji perspektivnifistup kieSeni problérn jejichz gimé
algoritmické teSeni neni znam&i dostaténé efektivni. Automatické morfologické
znakovani je jednou z takovych uloh na poli¢gecové lingvistiky. K jejimutreSeni jsme
pouZzili neuronovou si zpstného Sieni (backpropagation) wkolika typech experimefit Fxi
uréovani spravné ziy na zaklad spolehlivého kontextu jsme sdepwdcili o zakladni
schopnosti sét se problému nait, atkoli dosazena uggnost (89,22%) nedosahovala
piesnosti dosahované statistikou (93,47%). Blmdae nam téz dit vhodné parametry sia
vstupniho kontextu pro dalSi experimenty. Pokust spravnou znéku na zaklad kontextu
znaek ukenych pedem statistikou fimesl mirné snizeni U&gnosti (88,71%). Koreeé
experiment, jehoZ Ukolem bylo volit mezi vystupyodvstatistickych metod, vykazal vyssi
aspEsnost (93,56%) nez libovolné &hto metod (92,74%, 92,58%). Na daném trénovacim
korpusu (Prazsky zavislostni korpus) jde vsmmé dob o absolutd nejlepSi dosazeny
vysledek. Z dosazenych vysladkvyplyva dopordeni, aby prezentovand metoda byla
vyzkou$ena na rozséahlejsi mnazdat Cesky narodni korpus).

Keywords: znakovani, morfologie, neuronové &it

Abstract

Title: Application of Artificial Neural Networks in Compaittional Linguistics
Author: Petr Nmec

Department: Institute of Formal and Applied Linguistics

Supervisor: RNDr. Kiril Ribarov

Supervisor's e-mail addressribarov@ufal.ms.mff.cuni.cz

Abstract:

Neural networks represent a promising approachidbl@ms, which exact algorithmic
solution is unknown or not efficient enough. Morfdgical tagging is one of such tasks in the
area of computational linguistics. We have triedise a backpropagation neural network in
several types of experiments. When determining dbeect tag on the basis of reliable
context, we have learned that the neural tag iscéls capable to handle the problem,
although the achieved tagging precision (89,22%l) ribt reach that of statistical methods
(93,47%). We also managed to determine appropnetigork and context parameters that we
have used in the next experiments. The attempeterhine the correct tag on the basis of
beforehand statistically determined tags broughslight decrease of tagging precision
(88,71%). Finally, the experiment, which goal was/ote from the outputs of two statistical
taggers, showed higher tagging precision (93,58%an tany of these methods (92,74%,
92,58%). It is therefore the overall best result the given training data set (Prague
Dependency Treebank). Hence, it is recommendesktdhie method by training it on a larger
training set (Czech Corpus).

Keywords: tagging, morphology, neural networks



1 Introduction

Neural networks represent a promising approachdbl@ms, which exact algorithmic
solution is unknown. When presented a sufficiemdgresentative training set of problem
instances, they are able to adapt in such waythiegt produce correct results even for the
instances that were not trained, i.e. they are #@blgeneralize over the trained data. This
makes neural networks a natural candidate for tyaofecomputational tasks.

There are many linguistic problems of this natoree of which is the morphological
tagging — automatic determination of the correctphological properties of words of a text.
This is one of the important problems in the areaconputational linguistics as it underlies
other crucial tasks such as syntactic parsing,actime translation. Furthermore, the learning
process and the obtained results show us certaits fabout the processed language
(determination complexities of various morphologicategories, ambiguity rate for various
lexical entries, context properties etc.).

The task is especially interesting when we deahvhighly inflective languages,
which morphological system is very rich. An excetleexample are Slavonic languages,
namely Czech, which is one of the morphologicallyshcomplex languages.

Many statistical methods have already dealt withhphological tagging problem and
a high tagging precision has been reached. ForClmwuage, the statistical approach
reached more than 95% tagging precision when taameCzech Corpus [3] (see e.g. [1] or
[2] to learn more about statistical approach to tdggging problem). Although this number
may seem to be sufficient, at closer look we discdlat it may not be so. For instance, if we
were to create a grammar checker application basdte result of a morphological tagging,
we would have to handle the fact that there is stake in each out of twenty words in
average. It is therefore still desirable to inceet®e tagging precision of automatic taggers.

In our thesis, we test the neural networks appr@acformance on the morphological
tagging problem for Czech. Various experiments hlbgen carried out, their results have
been discussed and compared to those of the s@tistethods. For this purpose, a software
tool has been created, too.

Chapter 2 introduces Czech morphology, explaingckiasms used in the thesis, and
specifies our goal. Chapter 3 describes the newsdlork architecture and the learning
algorithm used, and presents experiments alreadiedaout in this area. Chapters 4 to 6
describe the three types of experiments performedliable-context-based determination,
statistical-context-based determination, and thengeexperiment. Chapter 7 summarizes the
achieved results. Information regarding the sofeyaiovided (User's guide, Implementation
remarks) together with the description of electtaources provided on the enclosed CD can
be found in appendices.



2 Tagging problem specification

2.1 Czech morphology introduction

Czech language belongs to the group of Slavoniguages, which morphological
system is very rich. Czech language recognizeg#tiof-speech types, five of which are
inflective: nouns, adjectives, pronouns, numelais] verbs. For each of them there is usually
a large set of inflectional and conjugational patse There are other common morphological
categories present. gender, number, case, persiose,tgrade, voice. There are also other
rather special categories (see Section 2.2 fod#tailed description). These categories and
the values they may obtain form a complex systemmichvconfiguration for a given input
toker may be expressed by a morphological tag — a stfng5 character, each of them
representing a value of a morphological categaeg Gection 2.2). There are more than 2000
different tags commonly present in Czech.

A sole word is rather often morphologically ambigeo For instance, the word
“vlastni” may be either an adjective “own” or a bef(he/she) owns”. A morphological
analysis tool that determines for (almost) each c@8zevord the set of its possible
morphological tags is already available [4]. A murjmgical tagger (a device assigning
automatically the correct morphological tag to adydherefore does not necessarily have to
generate the entire tag, it may select it fromgéeerated set.

Prague Dependency Treebank (PDT) training set congaalmost 1,5 million words,
which correct tags are known, is available as agllesting sets designed for tagging methods
comparison [4]. The following example shows how #ssmtence “Prezident rezignoval na
svou funkci” (“The president has stepped down§aged in a PDT morphological file:

<csts>

<f cap>Prezident<I>prezident<t>NNMS1-----A----<MMI> prezident
<MMt>NNMS1-----A----

<f>rezignoval<I>rezignovat_:T<t>VpYS---XR-AA---<MMI >rezignovat_:T
<MMt>VpYS---XR-AA---

<f>na<l>na<t>RR--4---------- <MMI>na

<MMt>RR--4---------- <MMt>RR--6----------

<f>svou<I>sv G4j-1_"(p zivlast.)<t>P8FS4--------- 1<MMI>sv Gj-1_"Mp zivlast.)
<MMt>P8FS4--------- 1<MMt>P8FS7--------- 1
<f>funkci<I>funkce<t>NNFS4-----A----<MMI>funkce
<MMt>NNFS3-----A----<MMt>NNFS4-----A----<MMt>N NFS6-----A----
<D><d>.<|>.<t>Z:;------------- <MMI>.<MMt>Z:---------

</csts>

The<f> (<d>) tag contains the word form (symbol) as it appéathe text. Thel>
tag contains the manually disambiguated lemma ©f Word form. The<t> tag is the

! The notion of ,input token* includes a word formits common sense, but also any standalone syimiol
sentence (parentheses, commas, hyphens, punctosis etc.). For simplicity, we will use the teyword"
instead of “input token”.



manually determined correct morphological tag @& thput token (word form or symbol).
The <MmI> tag is the lemma determined by the morphologicalysis. There may be more
than one<MMI> tag present, if the input token is ambiguous rinke of its lemma. For each
<MMI> tag there is a set efvMt> tags. These tags are also generated by the morpbal
analysis and represent possible morphological tagshe input token with respect to the
corresponding lemma. Therefore, the set of «alt> tags (regardless ofmMmI> tags)
represent all possible morphological tags for tiverginput token.

Furthermore,<MDt> and <MDI> tags may be present. They contain the outputs of
statistical taggers — tag and lemma determina@utputs of two statistical methods (Feature-
based tagger and Markov model tagger [4]) are abkil in PDT1.0 morphologically
annotated files agMDI src="a”> , <MDt src="a"> , and<MDI src="b"> , <MDt src="b">
tags.

2.2 Czech morphology positional tag

Positional tag is a string of 15 characters, whesreh position (except for the blank
placeholder positions 13 and 14) stands for a nwggical category and each character
indicates a value of this category. For exampleNAR1-----A----" stands for a plural
(position 4) feminine (position 3) noun (positionidk nominative (position 5).

Table ¥ shows the categories overview. As shown in Secti@2, the attention has
been focused mainly on the gender, number, and cziegories. Tables 2 to 4 list possible
values of these categories. For the detailed qesmi of values of all categories see
Appendix C.

No.| Name Description
1| POS Part of Speech
2 | SUBPOS Detailed Part of Speech
3 | GENDER Gender
4 | NUMBER Number
5| CASE Case
6 | POSSGENDER |Possessor's Gender
7 | POSSNUMBER |Possessor's Number
8 | PERSON Person
9 | TENSE Tense
10 | GRADE Degree of comparison
11 | NEGATION Negation
12 | VOICE Voice
13 | RESERVE1 Unused
14 | RESERVE?2 Unused
15 | VAR Variant, Style, Register, Special Usage

Table 1: Morphological categories overview

% The tables have been taken from the PDT1.0 ekictsmurces [4].
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Value |Description

Not applicable

Feminine

Feminine or Neuter

Masculine inanimate

Masculine animate

Neuter

Feminine (with singular only) or Neuter (with plural only); used only with participles and
nominal forms of adjectives

Masculine inanimate or Feminine (plural only); used only with participles and nominal forms of
adjectives

Any of the basic four genders

Masculine (either animate or inanimate)

Not feminine (i.e., Masculine animate/inanimate or Neuter); only for (some) pronoun forms and
certain numerals

Table 2: GENDER category values

N [X[X| 4 | O |Z|IZ|—|T|T|!

Value |Description
- Not applicable
D [Dual
P |Plural
S |Singular
W Singular for feminine gender, plural with neuter; can only appear in participle or nominal
adjective form with gender value Q
X |Any

Table 3: NUMBER category values

Value |Description
Not applicable
Nominative
Genitive
Dative
Accusative
Vocative
Locative
Instrumental
Any

XIN|O|OD|W|N ||

Table 4: CASE category values

2.3 Problem specification

Being acquainted with the terms presented in thapter, we may now formulate the
tagging problem precisely: given an unknown Czepti, tgiven the result of morphological
analysis determining the set of possible tags &hevord (and possibly the tagging results of
statistical methods available), the correct tagefach word of a text is to be determined, i.e. a
morphological tagger is to be developed. Assumimat there are morphological taggers
available, the aim of our approach towards a mdaggical tagger will not necessarily be an
entire construction of a new one, but also compteat®ns of morphological categories as
shown later in Chapters 4 and 5, where the coualcte for a partial category (e.g. gender,
number, and case) rather than the entire tag esrdeted.



All experiments we performed are designed to sadgattly one tag (or exactly one
category value) from the set of possible tags @aluwe will evaluate the achieved results
by means of tagging precision. For our purposes,t#iyging precision is the number of
words, which tags (category values) were correg$iyigned, divided by the total number of
processed words.

2.4 Results of statistical taggers

The output of statistical taggers plays a signiftcale in our experiments. Not only
we compare the achieved results to the statistivas, but statistical output also serves as the
“context provider” as described in Chapter 5. M9 the entire Voting experiment (see
Chapter 6) consists in the selection of the cotiagfrom a set of statistical outputs.

We consider three statistical taggers in this theBeature-based tagger, Markov
model tagger, and an advanced statistical tagg@®3CZ19 [1]. Table 5 lists their respective
tagging precisions on the evaluation testing file.

The advanced statistical tagger CZ031219 was abieach overall tagging precision
93,47%, which represents the currently best sidistesult when trained on PDT data.

Tagger Total |GENDER [ NUMBER CASE
Cz031219 93,47 97,82 98,00 95,37
Feature-based | 92,74 97,55 97,62 94,67
HMM 92,58 97,62 97,86 94,41

Table 5: Statistical taggers precisions for the e tag, case, number, and case categories.

We focus our attention on the listed categoriesabse their tagging precision is the
lowest when compared to the other categories. Ife@aeh higher precision than a statistical
tagger in tagging any of these categories, it widrease the overall performance of the
tagger.



3 Neural networks approach

3.1 Previous research

Compared to other approaches, there are not margnt@experiments where artificial
neural networks (ANN) are applied to Natural Lamggid@rocessing (NLP) tasks. However,
ANN experiments regarding morphological taggingehbeen performed for English.

Schmid [5] trained recurrent multilayer perceptroetwork as part-of-speech
morphological tagger. Using wide left and right te¢ together with the suffix information,
he was able to obtain results similar to thoseheddy statistical methods (Hidden Markov
model systems). Nakamura et al. [6] use massiwkfimevard network to predict the part-of-
speech of a word on the basis of its left contégain, the tagging precision was almost the
same as that of a trigram-based predictor.

To our best knowledge, no such experiments have t&eied out for Czech.

3.2 Network selection

3.2.1 BP-SOM

At the beginning, we considered using BP-SOM aechitre [7,8] for our
experiments, because BP-SOM learning algorithm sklovery good performance over some
classical computational problems. For exampleyiperformed the classical backpropagation
learning algorithm in the binary vector parity ddisation task and monks tasks [9].

Basically, BP-SOM ANN consists of multilayer feeamhivard network (MFN).
Furthermore, a self-organizing Kohonen map (SOMjssociated with each hidden layer (see
Figure 1). During training of the weights in the MFthe corresponding SOM is trained on
the hidden-unit activation patterns. The self-orgation of the SOM is used as an addition to
the standard BP learning rule. For details, se€€lg

MFN SOM

o«
Y
=

EI'I
i "=l'
-]
.

Figure 1: BP-SOM network architecture

This network can be used only as a classifier (eathut vector represents a class),
and the number of classes must not be too higahasaass maps to one neuron in the output
layer). For the purpose of experimenting with Czewrphology, there is a need of statistical
merging (see Section 4.1.2), which cannot be pexdron the BP-SOM architecture. This is



due to the fact that the resulting output vectarsidt represent a class anymore. Instead, they
form a potentially infinite set of general real nogn vectors. Without statistical merging, the
training set would be not only inconsistent, bsoalery large. We have therefore decided to
abandon BP-SOM approach.

3.2.2 Backpropagation network

A classical option that overcomes the limitatiosadissed in the previous section is a
feed-forward network trained using the backpropaga(BP) learning algorithm. We have
tried to test its capabilities on the morphologizajging task.

In this section we give a brief description of maiter neural network trained by the
BP algorithm. Large amount of literature on theKpropagation concept and its details is
available; an example reference is [10] .

The network may consist of arbitrary number of fayeach containing an arbitrary
number of neurons. Figure 2 shows a 3 layer netwarknetwork with 1 hidden layer. The
layers are linearly ordered — the first one isitiut layer, the last one is the output layer,
between them hidden layers are present. Each nefirmon-input layer is connected to all
the neurons in the preceding layer. Each such ationes assigned a weight.

Output layer

Hidden layer

Inpt layer

Figure 2: Feed-forward multiperceptron network architecture

The training set consists of vector pdir®), wherel stands for the input vector and
D for the desired network output vector. The netwerkained in two phases:

1. Feed-forward phase. The input vector is applied to the input layerthe vector
components represent the respective outputs oininé layer neurons. The outputs of
respective neurons in each following layer are oatieb according to the given activation
function T as follows:

Yi :T(Zwijxi +®j)

wherey; is the output for theth neuron in the processeth layer,©; is its bias valuey;;

is the connection weight from theh neuron in the preceding layet to thej-th neuron
of the processetith layer, andx is the output of that neuron. T is usually a sigmo
function



1
e

T(x) =
which is also the case in our experiments the gain parameter (in our experiments
y=1).

2. Backpropagation phase. First, the error vectdE for the output layerd) is computed:

E’ =y @-y’ XD, -¥)

where D; is the i-th component of the desired output vector This error is
backpropagated into the preceding layétF) (@s follows:

E™ =y (- yil_l)z E\ W
k

In each layer the weight and bias difference isated as follows:

AW, (t) = 7E] (1) Y| () + a(w, (1) - w; (t-1)

A®| (1) = 7E/ (t) + (O, (t) - ©, (t - 1))

wherern is a learning rate parameter andtands for the momentum tertril denotes the
variable state in the previous step. The weightstaases are then modified:

W (t+1) = W (1) + Awj (1)

O (t+1) = B! (t) + AO| (1)

At the beginning, the weights and biases are setntall random values. In our
experiments these values are taken from -0.2 to Th2 network is then trained on all
vectors repeatedly, until the network’s global ewa the training data is sufficiently low or
some other condition is fulfilled. For instanceoar experiments we may stop training when
the performance on the testing files decreasea fong time (see Section 4.4.3). The network
parameters are the learning rat§ and momentumd). They remain constant during the
training.

Once the network is trained, unknown input may beliad. The output is then
obtained by performing a single feed-forward step.



3.3 Experiment methodology

As a result a continual process of thinking up easi ideas and performing minor
tests, we propose the following experiment schema:

First, we tested the BP ANN capabilities on thecalbed reliable-context-based
determination experiment described in Chapter thalgh this method does not allow direct
tagging of unknown texts, this experiment demomssrahe possibilities of the BP ANN.
Moreover, we gathered experience concerning thanaptdata coding and the network
learning algorithm parameters that we used lateCtvapter 4 contains important details used
further in Chapter 5 and Chapter 6.

Second, very similar statistical-context-based rdeteation experiment described in
Chapter 5 was performed. This time we used stagistcontext that can be obtained
beforehand by tagging a text by a statistical tagfjlee achieved results are therefore directly
applicable. The experiment also showed us, how nmitie tagging precision influenced by
the context quality and whether the use of sta@iktcontext is acceptable (in terms of
decrease of tagging precision).

Third, we tried to use the BP ANN as a voting deviar available statistical taggers.
This voting experiment is described in Chapter 6.



4 Reliable-context-based determination

Determination based on reliable context is the kayperiment we focused our
attention on. The basic idea is based onrtlggam model: we determine the correct tag for
the given word on the basis ofl preceding tags (and possibly the suffix inforiorat where
nis a fixed constant for the experiment. By “relebontext” we mean that we always train
and test on correct preceding tags, i.e. we us&ledlge of the actual correct tags for the
given preceding words (left context). ltdte the correct tag for a wowdin a sentence. So in
each sentence

S= (W, W,,...,W,)
of the training or testing set we consider all &pl

{( tl’tZ""’tn—l)l (t2’t3""’tn)""’ (tk—n+1’tk—n+2 ""’tk—l)}

as preceding contexts. Our aim then is to detertmeeorrect tag fow,, Wn+1 ,..., Wi,
respectively. We have to extend the sentence bygddttual empty tags at the beginning in
order to have a context for every word in the secge

This way, however, it is impossible to tag a camtintext directly, because we cannot
be sure that we know the correct preceding’tags

4.1 Formal representation

Let n>1, m>0 be fixed integers. Let's assume that a wardwhich tag is being
determined, ik characters long and is immediately preceded @ sntence, in which it
occurs) byn-1 words, which tagé, t2,..., t,.1) are known. Let

(412,

be the determined word's suffix, whdeerepresents the last character of the wrd,
its second last character, and so forttik 4<fm, put I' = A (empty word), foii > k. The context
of wis the pair

(T,S) = ((t,, 0t ), (1 1%,0™)

The determination of the correct tag can be eidimeentire generation of that tag or a
selection from the set of possible tags (if theultesf the morphological analysis is available).
The BP ANN is trained on a set of vector p&ir®), wherel is the context for the given word
w andO is the output vector that describes the “qualdf/various candidates for the correct

% The first error in tagging a word in a sentencaiMidead to a very poor tagging precision of theaning
words as the context information collapses.
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tag of w. For the training dafathe quality of an output vector component represéts
frequency of occurrence as the correct valueerctintext (see Section 4.1.2).

Czech morphological tag consists of several moxuioal categories (see Section
2.2). There are basically two possible approacbebd determination task. We may try to
determine the entire tag at once, so atescribes the quality of entire tags as candigates
we may try to determine the correct value for ecategory separately, evaluate the results,
and propose the best complete tag. For both appesaan appropriate codingloindO has
to be chosen. For the second approach we also toadefine a measure that allows to
evaluate an entire tag quality when the sortedityulédts of values of partial categories are
known.

4.1.1 Context coding

Coding the given context requires to code both comepty(T,S) into a single vector —
the neural network input. A natural way to do tisigo codeT andSand place their codes
into the vector as in Figure 3.

Code of T Code of S

Figure 3: Input vector overall structure

There are basically two methods to cade (ty, ta,..., tra) andS= (1% I2,..., 1™):

1. (Compound coding) We may count all tag (or suffs@guences of a given
lengthn (or m) appearing in the corpus, then assign an indexiia number
to each sequence. The code of this in@éxts,...t,) (or C(1%12,...1™) will then
represent (orS). See Figure 4.

Code of T Code of S

C(tlv t2!"'1 tn-l) C(C]_, Coy.uey Cm))

Figure 4: Vector structure (compound coding)

2. (Single coding) Each single tag from(or single character fror§) is coded.
The linear string of these codes will form the cddeT (or S) as shown in
Figure 5. Every character appearing in the corpusgsigned an ordinal
number index. The code of the indé{') represents the given charadteAs
far as tags are concerned, the situation is a brersomplicated. Again, we
can assign an ordinal number index to each tagaaipmein the corpus (index
single coding), or we can deal with the tag striectiiself (category single
coding). As we have seen in Section 2.2, the msiti Czech tag consists of
13 morphological categories. We can code the ordioenber index of the

“ As far as the real network output for an unknowntext is concerned, it is difficult to describeriore
precisely as it is a result of ,black box".
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given value of each categogy (1<i <13) separately. The linear string of
these codes will form the code of the tag (seerei@). Eventually, we may
also select only a subset of categories to codg (mrt-of-speech, which
tagging precision is very high, see Section 4.3.2).

(Code of T) (Code of S)

Clty | Cty) | ... | C(ty) | C(ly) | C() |...] C(lw)

Figure 5: Vector structure (single coding)

(Code of a tag)

C(a) | C(az) [...] C(aia)

Figure 6: Linear coding of the 13 morphological catgories.

As it has been shown, in order to cddéS) we have to code a list of ordinal number
indices. The code of each index will reside in & pathe vector (“a box”) of the fixed length
that is equal to the number of vector componengsiired to store the highest index of the
given set. This way, the coding functi@ns bijective and the values do not get mixed.

We have performed the tests with two most usualngsdof an ordinal: binary and
“‘one from n” coding. Binary coding is the usual diy representation with trailing zeros
appended (so that the ordinal occupies exactlyaihgth of the box, which is the number of
binary digits required to store the cardinalitytbé set). In “one from n” coding, the box
length is always equal to the cardinality of the(gg Leti, 0<i<q, is the coded index. Then
all box components except fort théh are set to 0. Thieth component is set to 1.

4.1.2 Output coding

The simplest way to code a single instance of tb&irdd output for the specified
category in a given context is to use “one fromcotling — the dimension of the output
vector is equal to the number of possible valuegte category and all vector components
are set to 0, except for the index of the corre, avhich is set to 1. The major problem of
this approach lies in the fact that there is ugualbre than one correct value for the given
context in the training set, i.e. there are mostances of the same context but with different
correct value. This language property causes ins@mey in the training set, which affects
the BP ANN performance negatively.

It is possible to merge all training instandés, O, ),i € K, with the same input but

possibly different outputs@;, i € K|}, whereK; is the output vector index set for inguinto
a single training vectdi, S{O;, i € K|})), where

S:({0,ieK,) -0

is a function that returns a statistical distribativectorO of the respective@;, i e
Ki}. We have used a linear model, where the indexhefvialue with maximal number of
occurrences (winning value) is set to 1 and otleetar components are set to
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whereV; is the number of occurrences of the value witlexd Viex is the number of
occurrences of the winning valug, is a reliability threshold constant. This approacakes
the training set consistent and also reduces gréralnumber of training vectors.

The output vector design allows to sort the possibutput values by the
corresponding output vector component value, wheshin [0,1] interval and the higher it is,
the more probable should the neural network owpiie be. The BP neural network works
as a “black box”, it is therefore difficult to de#me the output vector more precisely

It is also possible to code the entire tag to thiguat vector. We may do so by coding
it either as an index into the set of tags or agtaof indices into particular categories (see
Section 4.1.1). In the first case (assuming “ormnfm” coding) we may also perform the
statistical merging as described in the previoutiae.

4.1.3 Example

This section shows an example of neural networkitigmd output for the reliable-
context-based determination experiment. As the afagectors makes it impossible to show
the entire coded vectors, only “uncoded” input antput vector forms are presented:

Let the left context length be 2 tags, let theigu#ngth be 3 characters. Lebe the
sentence “Prezident rezignoval na svou funkci.”h@Tpresident has stepped down.”). The
correct tags for the respective words of the seatame listed in Table 6.

Input token Correct tag
Prezident: | NNMS1-----A----
rezignoval: | VpYS---XR-AA---

na: = = S F—
SVOu: P8FS4--------- 1
funkci: NNFS4-----A----
: A —

Table 6: Correct tags of the input tokens

If the virtual zero tags (*--------------- ") are giuded in the beginning of the sentence,
the training input and output pairs for the gendemnber, and case category determination
will be those listed in Table 7.

® We will use the term “output vector component gyain the described sense. For the training dita, the
result of statistical merging. For the network autjt is a “black box” value.
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Input Output (GENDER) |Output (NUMBER) | Output (CASE)
------------------------------ “ent" M S 1
--------------- NNMS1-----A---- "val' Y S -
NNMS1-----A---- VpY$H---XR-AA--- " ana" - - 4
VpYS---XR-AA--- RR{-4---------- "vou" F S 4
RR--4---------- P8FS44------—-- 1 "kci" F S 4
P8FS4--------- 1 NNFS4---—--A--—-- " AN - - -

Table 7: The training set pairs for the gender, nmber, and case categories

4.2 Data statistics

The morphological corpus is divided into trainires and two testing séts We have
further randomly selected two smaller subsets MB=(B < C) from the entire training set
(C) in order to be able to test the performanceafous codings in reasonable time. The
words and sentences counts of the respective igelistad in Table 8.

Trainset A |TrainsetB | TrainsetC |Testsetl |Testset?2
Words 3226 225172 1470644 129574 124957
% of training 0,22% 1531% | 100,00% 8,81% 8,50%
corpus words
Sentences 179 13655 87487 7506 7231

Table 8: Sizes of training and testing sets

There are 2061 different tags appearing in bothitrg and testing part of the corpus
either as correct tags or as the result of the hwggical analysis.

There are 125 different characters appearing ificesfof length 4 in all words of the
entire corpus. (We do not consider longer suffiasswe believe they do not provide any
further essential morphological information. Thigbthesis is supported by the fact that a
very little difference has been observed betweenrdisults obtained for suffices of length 3
and 4 respectively (see Section 4.4).

4.3 Experimental procedure

Because of the computational time limitations, werevunable to test all the codings
outlined in Section 4.1. Our basic goal was to fthd coding method that gives the best
results when used on small training sets (A, B).tén used just this coding for training on
the entire set (and also for the statistical-canbased determination and the voting experi-
ment).

® The two testing sets are the development andvifleation testing sets. The highest tagging prewis first
achieved on the development testing set, that tagmdiguration is then tested on the evaluatictitg set.
The obtained results are then published.
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4.3.1 Rejected codings
The following codings were not considered:

1. Entire tag as the network output. In order to b db train on the entire
training corpus in reasonable time, it turned @ubé necessary to reduce the
cardinality of the training set C by means of statal merging (see Section
4.1.2). This is only possible with “one from n” put coding. But we cannot
afford as many as 2061 neurons appearing in thuboeural network layer.

2. Compound input tags coding. The index tag codingwsld to be less
effective than category coding (see Section 4.£2pmpound tags coding is
just the indexing of the entire tag sequence rdthem each single tag. There
is no reason to believe that this formal indeximgge would increase the
indexing approach precision significantly.

3. Compound suffix coding for the same reason.

So we only tested the performance of the (categoy index) single tag coding
together with single suffix coding.

4.3.2 Testing categories selection

As far as category single tag coding is concermexhad to decide, which categories
are worth dealing with. These are those, whichitagg@recision is low in general. Table 9
shows the tagging precision results for the respecttegories when the first possible tag is
selected. It can be easily seen that only the gendenber, case, and var categories are worth
training as the product of tagging precision of dltigers is 99,73%.

Category Precision
POS 99,98
SUBPOS 99,92
GENDER 91,71
NUMBER 85,47
CASE 74,33

POSSGENDER 99,99
POSSNUMBER 99,99

PERSON 99,91
TENSE 100,00
GRADE 99,98
NEGATION 99,99
VOICE 100,00
VAR 98,10

Table 9: First candidate selection baselines

The var category can be trained very eddityreach precision greater than 99%, so
we will not perform any intermediate tests for it.

" This category is somewhat special as it serves‘garbage collector” — it contains additional infation that
could not have been placed elsewhere. Therefotadting precision will vary significantly, whersivalue set
changes.
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4.3.3 Baseline values

We also determined baseline precisions for the ggemiimber, and case categories.
They were measured as the precisions of seledimgnbst frequent correct tag (on the entire
training set) from the set of possible tags (sea€el40).

Category Precision
GENDER 92,30
NUMBER 94,35
CASE 82,60

Table 10: Category baselines

4.3.4 Testing procedure

All the category tagging experiments, which resales presented in Section 4.4, were
performed with statistically merged “one from n'dedl output category.

This coding method allows to sort the possible @alquality for the given category
(obtained from the set of possible tags) accortinipe neural network output. We select that
possible category value, which neural output ishtigest, as the winner. Eventually, we may
perform template decision first: If the given cotite input vector is present in the training
set, we consider the trained output instead ohttevork output. This usually leads to better
tagging precision.

As far as entire correct tag determination probiermoncerned, we have to define a
procedure that evaluates the candidate qualityherbasis of the respective category value
orderings obtained from the category outputs of rsepective neural nets. We propose a
measure that minimizes the product of the ordecesdof the respective tag categories.

For example, let's assume that we obtained newabark outputs for the gender,
number, and case categories. The quality of theemwe values of these categories are (in
the descending order) as follows: N, I, F (gend®r)X, P (number), 1, 4 (case). The score for

these two tags are the only alternatives, the skoae will be selected.

8 2 denotes an arbitrary character
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4.4 Results

The electronic form of the experiments presentedhia section is stored on the
enclosed CD (see Appendix A). The instructions ow ho run the reliable-context-based
determination experiment with the developed sofésaol can be found in Section A.1.5 of
Appendix A, too.

4.4.1 Binary to “one from n” comparison

First, we focused our attention on the categoryrgpdnd tried to determine whether
binary coding gives significantly worse resultsrttfane from n”, because if it does not, we
will code the vectors binary as it reduces tagtlerigpm 153 to 43 and suffix length from 125
to 7 components. Such reduction would speed ufetraing process significantly.

We trained on training set A, because “one frontaded vectors training would take
too long on larger training sets. Neural networkwane hidden layer containing 100 neurons
was used. Thg parameter was set to 0,2 and no momentum was used.

Table 11 shows the test results for gender, nurabércase categories on A training
set for the both codingsWe can see that “one from n” coding does notgeny substantial
precision increase over binary coding neither whapplied to tag nor to sufffi We have
therefore decided to code the vectors binary furthi@eriments.

Context |Cntx. coding |Suffix |Sfx. coding | GENDER| NUMBER | CASE
0 - 4 binary 92,19 93,81 81,23
0 - 4 one from n 92,41 93,57 81,22
1 binary 0 - 91,08 92,36 86,69
1 one from n 0 - 90,14 92,46 86,93
1 binary 2 binary 92,06 94,40 90,25
1 one from n 2 binary 92,30 94,69 90,22
1 one from n 2 one from n 92,71 94,87 90,72

Table 11: Tagging precision for various codings (&ining set A).

4.4.2 Index to category tag coding comparison

Our next question was, which tag coding (index ategory) leads to better results.
Category coding provides much more information,0s0 hypothesis favoured this coding
method. Additionally, we wanted to find out- the optimal suffix length parameter.

In order to determine suitable experiment pararsetariety of training experiments
were performed using the training set B, as it \idaé impossible to perform such number of
tests on the entire training corpus

Hidden layer sizes oscillated between 100-500 meudepending on the context and
suffix length. Table 12 lists the hidden layer siZer each context and suffix length tested.
We have learned that if the hidden layer size &rlgvoelow the listed recommended size for
the given experiment parameters, the BP ANN legrperformance decreases.

° “Context” and “suffix” denotes left context andffixilength, respectively.
19 Note how significantly does suffix information eét the tagging precision.

-17 -



Learning ratgarameter was set from the range [0,1;0,2] and mame from the
range [0,6;0,8] was used. Higher learning rate eslled to network oscillation in early
training stages. The use of such a high momentum tmhanced the training procedure
greatly and the net convergence remained stabke.eXhct value of the two parameters was
set random in each experiment.

Each coding experiment ran at least 500 cycles Wiiteration. Higher number of
iterations affected network performance negatively.

After every 50 cycles the network performance wested both on the evaluation
testing set and the training set B.

Suffix | Left context |Hidden layer
60-80
100
100-150
150-300

250-300
100-200

200-250
300
300
300

o
(=Y

WNPFPO|IdAWNP
NNNDNIFP PP

I
N

Table 12: Hidden layer sizes for various experimeist

Tables 13-16 summarize the best obtained resotts dn the evaluation testing set
and the training set'&

Evaluation testing set Training set B
Suffix |GENDER | NUMBER | CASE | GENDER | NUMBER | CASE
0 89,83 91,13 82,2 91,35 92,48 84,24
1 90,83 92,85 84,86 91,97 93,82 86,23
2 92,64 95,16 90,89 93,57 96,10 92,14
3 92,92 95,80 91,98 93,90 96,82 93,05
4 93,22 96,20 92,14 94,61 97,88 93,97
Table 13: Index binary coding, bigrams
Evaluation testing set Training set B
Suffix |GENDER | NUMBER | CASE | GENDER | NUMBER | CASE
0 90,00 92,42 87,28 91,32 93,84 88,87
1 91,57 94,59 89,49 92,77 95,56 90,84
2 92,60 95,5 91,77 94,21 96,93 93,74
3 93,53 96,46 92,79 94,96 98,05 94,61
4 93,72 96,63 92,64 95,34 98,30 94,67

Table 14: Category binary coding, bigrams

1 The listed results are not directly comparabléitie final results, because the first two (onejdsofor
trigram (bigram) model in a sentence were not rdated (no zero tags were present). Moreover, ¢ingect
tag was always present in the set of possible(tagsesult of the morphological analysis was altgr The task
was to find the optimal coding, not to give purgdimg results.
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Evaluation testing set Training set B
Suffix |GENDER | NUMBER | CASE | GENDER | NUMBER | CASE
0 91,06 93 87,65 92,38 94,43 89,4
1 92,21 94,61 90,3 93,53 95,83 92,15
2 92,88 95,5 91,87 94,18 97,29 94,14
3 93,71 95,97 92,55 95,48 98,34 95,24
4 93,57 96,15 92,65 95,73 98,96 95,6
Table 15: Index binary coding, trigrams
Evaluation testing set Training set B
Suffix |GENDER | NUMBER | CASE | GENDER | NUMBER | CASE
0 91,25 93,04 89,57 92,8 94,56 91,48
1 92,54 95,39 91,32 94,12 96,81 93,37
2 93,37 95,91 91,79 95,03 97,71 95,94
3 93,9 96,57 93,26 95,79 98,39 95,52
4 93,95 96,82 93,57 96,54 98,93 97,01

Table 16: Category binary coding, trigrams

In accordance with our hypothesis, we can seectitagory coding gives better results
than index coding. Moreover, it was harder to aghilow global error (resulting in better
tagging precision over the training set) with inadexing. We also see that increasing suffix
length leads to higher tagging precision, althotlgh difference between suffix of length 3
and 4 is very low.

Having reached the best results 93,95%, 96,82%,98r{7% (highlighted in Table
16) for the gender, number, and case categorigectgely, we have decided to perform the
final testing on the entire training corpus C wittegory single coding and suffix length 4.

4.4.3 Final tests

The final tests were carried out on the entirentrgy corpus with category single
coding and suffix length 4. We tested several patanconfigurations of the neural network
(always with one hidden layer) and found out thret parameter values discussed in 4.4.2
lead to good learning performance even on the laeing set. The hidden layer size was
set to 400-500 neurons.

Although the neural network global error was desig during training (and the
testing performance on the training set steadityaasing), the performance on the testing
files usually reached its maximum very soon (bek96-th cycle). Even if it reached the best
results on the testing set later, the differenoenfthe early maximum was very small. This
behaviour was observed for almost all experimeetéopmed. To illustrate this graphically,
Graph 1 and Graph 2 show the network convergendéemting data performance curves in a
case category determination experiment.

-19 -



380 -

370
360 \
350

340 -
330 -
320 /\%
310 -

300
290 -
2800 1T T T T PP T TP P T P e e e
M REIRILIIAB BIB I L I B

M N~ O < I~ Lo N (©2}
I " " N N N O OO0 O JF I T 0O 10O

Global error

Cycle

Graph 1: Network convergence in a case determinatioexperiment.

94,1
94 /\ A4
S 939 \/\j\/\ﬂ
c
K=)
8 93,8 -
5 \
2 03,7
o ”
£
S 93,6
@
|_
93,5
93,4 TTTTTITT I I T I T T T T T T T I T T T T T I T T T T T I T T I T T T T T T T T T T I T T T T T I T T T I I T ITTTITT Tl
2828 LIL8238888883
g a4 d 4 N N N O 0O OO 9 < < 1O 0 W
O

Graph 2: Tagging precision in a case determinatioexperiment.

Table 17 summarizes the achieved results for tlspetive categories with and
without template decision enhancement (see Sedt®B). This time we also trained the var
category, which was not necessary in the prelinyitests presented in the previous sections.

Evaluation testing set Training set C
Template | GENDER | NUMBER | CASE | VAR | GENDER | NUMBER | CASE | VAR
YES 94,51 97,12 94,46 | 99,46 98,29 99,37 98,3 | 99,92
NO 94,18 96,91 94,16 | 99,42 95,35 98,13 95,63 | 99,76

Table 17: Precision of reliable context category &ing
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We can see that there is a tagging precision ledyden the template enhancement
and non-enhanced network use on the training dathwsignalizes that the neural network
still produces high global error over the traingeg. However, as mentioned above, the neural
network usually reaches its maximum performance tive testing set soon, so it does not
necessarily mean that a lower global error over ttlagming set would lead to tagging
precision improvement on the testing data.

Finally, the optimal configurations of these pdrit@tegory determination neural
networks were taken and we performed the entiredeigrmination experiment with them
(see Section 4.3.3). We obtained the final taggiegision value of 89,22%.

4.5 Discussion

The tagging precision of the best statistical médtbn the evaluation set is 93,47%,
which is far better result than our 89,22%. Howetlee tagging precisions of the respective
categories are much closer to the statistical amproesults. The respective differences for
the number and case categories are 0,88% and 0,Biéosignificant difference (3,31%)
between the two approaches lies in the gender @atedetermination. This difference
corresponds to the entire tag evaluation differeh26%. It is also possible that the measure
we have defined for the entire tag determinatiory mat be the best one, although we found
out that similar measures (e.g. sum instead ofymt)dehave in much the same way.

There is a crucial point to understand when comgattie results of the statistical and
the neural network approach. Statistical approachaised on the use of Viterby algorithm
that finds the optimal path among the respectiterédtive tags for the words of a sentence.
Although using primarily the left context, this wélye algorithm can determine the correct
tag for a word with respect to the words appeaalsp in the right context. It also uses the
entire word information and is as well further emted. On the other side, our approach
relies on the left context and suffix informationlyy so it uses less information than the
statistical one.

This may be one of the reasons, why the gendemgagtedetermination is less
successful — in order to determine this categoryoften need to consider the right context.
For instance, it may contain the heading substarftv the adjective, which gender category
is being determinéd Figure 7 shows a tree representation of the seatéEvropsky
meénovy systém je ohrozen” (“The European Monetary t&ysis endangered”). The
adjectives “evropsky” (“European”), “tmovy” (“Monetary”), and the noun “systém”
(“System”) may be either nominative or accusatigsecin Czech. We have to know the rest
of the sentence to be able to determine the cocase. Left context of arbitrary length does
not suffice.

2 However, this also holds for the number and casegories.
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Figure 7: “The European Monetary System is endanged” tree representation (Orakulum
query system [11])

As far as the network training is concerned, weelel that we have reached almost
optimal state in all experiments. Although in soofiehem the global error remains high, we
found out that neural network reaches its optineafggmance over the testing set quite fast
and further learning does not lead to significameCfsion increase.

In summary, we are confident that we were ablexlagt the possibilities of the
presented method. It shows its limits in comparisothe statistical approach. To be able to
get over these limits, we would need to make ugbetontext in the way statistics does and
arrange the experiment to suit neural network bieliayv

-22 -



5 Statistical-context-based determination

As we have seen, reliable-context-based determimdétiee Chapter 4) results are not
directly applicable, because we are not able t@atagntinual text by that method.

Statistical-context-based determination removes timitation by substituting the
correct tags in the left context with the statmtioutputs. These outputs are available
beforehand as we may run a statistical tagger theetesting set. In every other aspect the
experiment runs just like the previous one.

We might be able to directly “repair”’ the statisti@sults if we reached better tagging
precision with this method. As this is not the ¢ase may at least compare the results with
the reliable context determination approach to ls®® much would the tagging precision
increase of the former experiment affect the precisf the latter and to use the results once
we are able to improve the reliable context expenin

5.1 Formal representation

The formal representation for the statistical-catiteased determination experiment is
the same as for the reliable-context-based detatmomexperiment (see Section 4.1), except
that the input vectors contain statistically detewd tags (see Section 2.1) instead of the
correct ones.

We will call “context provider” the statistical tggr, which output is used. If more
than one statistical method is available, we magosk, which of them will serve as the
context provider.

5.2 Results

The statistical tags on the training corpus araltes back tagging as this corpus also
served as the training set for the statistics. Bhisgs us a disadvantage, because the training
statistical tags are not fully representative -ythee too good. We have selected the Feature-
based tagger as the context provider, becausagtsnig precision (92,74%) is slightly better
than that of the Markov model tagger (92,58%).

As with the reliable context experiment, the fitests were carried out on the entire
training corpus with category single coding andiguéngth 4 using the same neural network
learning parameters.

Table 18 summarizes the achieved results for tspetive categories with and
without template decision enhancement (see Sedti ).

Tagging precision

Template | GENDER | NUMBER | CASE | VAR
YES 94,11 96,67 92,71 | 99,53
NO 93,81 96,52 92,13 | 99,52

Table 18: Precision of statistical context categortesting

The entire tag tagging precision reached 88,71%.
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5.3 Discussion

As expected, the obtained results are worse thagmetlobtained for the reliable
context. For the gender, number, and case categtiree tagging precision differences are
0,4%, 0,45%, and 1,75%. However, the overall taggifference is only 0,51%.

Considering the fact that the training set is mtlyfrepresentative as it is the training
set of the context provider itself, the differen@s very low, which shows that we may
substitute the reliable context with the statidtarae and use it in the voting experiment.
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6 Voting experiment

In the previous chapters we have described therempets aimed at the determination
of the correct tag given only the result of the pimiogical analysis. The tagging precision of
these methods was significantly lower than thahefstatistical approach.

This time we are trying to make use of the statiétmethods. When given outputs of
several statistical taggers for a given word ireatence, we attempt to determine the correct
one (if it is present among them, of course). Thmetext is the statistical one, so the results
are directly applicable (see Chapter 5).

6.1 Formal representation

6.1.1 Input coding

Input of the voting experiment consists of the kfitistical context (see Section 5.1)
and the candidate statistical tags for the giverdwdhese tags are coded in the same way as
the context tags. Additionally, we have tried tal a@jht statistical context — statistical tags
appearing right of the word, which tag is beingedeiined. All the tags may be coded in
variety of ways discussed in Section 4.1.1. FigRighows the input vector structure of the
voting experiment.

Left context | Right context Candidate tags Suffix

Figure 8: Voting input vector structure

6.1.2 Output coding

Neural network output represents the quality of ¢hadidate statistical tags for the
given input context. The size of the output vedtoequal to the number of candidate tags
and each component represents whether the cordisgorandidate tag is the correct tag. If
SO, itis set to 1, otherwise it is set to O.

This raw training set is then statistically mergexddescribed in Section 4.1.2, so the
output vector values represent the frequenciekeftven statistical tag to be the correct tag
in the given context.

6.1.3 Example

This section shows an example of neural networkitirgnd output for the voting
experiment:

Let both left and right context length be 1 tad,thee suffix length be 3 characters.
Again, let sbe the sentence “Prezident rezignoval na svouciunkThe president has
stepped down.”). Let the output tags of two stastmethodsd, b) are available. The output
of the statistical method will also serve as the statistical context provideet the statistical
outputs for the respective words of the sentenedharse shown in Table 19.
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Input token Correct tag Stat. method A Stat. method B
Prezident: | NNMS1-----A---- NNMS1-----A---- NNMS1-----A--—--
rezignoval: | VPYS---XR-AA--- VpYS---XR-AA--- VpYS---XR-AA---
na: RR--4---------- RR--4---------- RR--6----------
svou: P8FS4--------- 1 P8FS7--------- 1 P8FS4--------- 1
funkci: NNFS4-----A---- NNFS3-----A---- NNFS6-----A----
: Lo Lo Lo

If the virtual zero tags (“

Table 19: Voting experiment source information

of vectors shown in Table 20.

") are gluded, the network is trained on the set

Input Output
--------------- VpYS---XR-AA--- NNMS1-----A---- NNMS1-----A---- "ent" 1,1)
NNMS1-----A---- RR--4---------- VpYS---XR-AA--- VpYS---XR-AA--- "val" 1,1)
VpYS---XR-AA--- P8FS7--------- 1 RR--4---------- RR--6---------- "ana" (1,0)
RR--4---------- NNFS3-----A---- P8FS7--------- 1 P8FS4--------- 1 "vou" (0,1)
P8FS7--------- 1 Zi-mmmmmmmemeee NNFS3-----A---- NNFS6-----A---- "kei" (0,0)
NNFS3-----A---- | - A — Lmmmmmmmmmee "L (1,1)

Table 20: “Uncoded” (input,output) training pair in the voting experiment

6.2 Baseline values

First, we have measured the baseline results @utdg selecting a random statistical
output.

The test has been run 20 times and the obtainestvaln the evaluation testing set
were then averaged. The resulting value 92,69%sds than the sole output of the better
statistical method (Feature-based tagger).

We therefore see that the tagging precision ofssizdl methods cannot be increased
in such a naive way.

6.3 Results

Two statistical methods (Feature-based tagger aattd model tagger) were used as
the two statistical outputs. They reached 92,74%%h58% tagging precisions on the testing
set, respectively.

As in the statistical-context-based determinatiapeeiment, we have selected the
Feature-based tagger as the context provider.

The neural network parameters were set to the saines as in the previous types of
experiments, i.e. learning rate from the range;(021, momentum from the range [0,6;0,8].
The exact value of these parameters was set randoeach experiment. Each coding
experiment ran at least 500 cycles with 1 iteration

Table 21 lists the hidden layer sizes for eachedrand suffix length configuration
tested. Again, we learned that sizes overly belosge numbers affect the BP ANN learning
performance negatively.
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Left context |[Right context |Suffix length |Hidden layer
1 0 0 300
1 0 2 300
1 0 4 300
2 0 4 400
1 1 4 400

Table 21: Hidden layer sizes for the voting experimnt

The testing phase was performed after each leanyiclg as to be sure not to miss the

overall best result.

We have tested several context sizes and suffotiesn The best obtained results with
and without template decision enhancement (seedBeti3.3) are summarized in tables 22

and 23.
Left context |Right context |Suffix length |Precision(%)
1 0 0 93,33
1 0 2 93,44
1 0 4 93,36
1 1 4 93,47
2 1 4 93,44

Table 22: Voting experiment results

Left context [Right context |Suffix length |Precision(%)
1 0 0 93,56
1 0 2 93,52
1 0 4 93,48
1 1 4 93,51
2 0 4 93,47

Table 23: Voting experiment results, template decisn

6.4 Discussion

BP ANN showed to be very successful when used\agtiag device. It was able to
reach higher tagging precision (93,56%) than anthefinput statistical methods (92,74%,
92,58%) and the baseline value (92,69%). It waetbee able to improve the input statistical

methods performance by 0,82%.

It also outperformed the currently best tagger AZ1® that reaches tagging
precision of 93,47% (see Section 2.4). Moreover,regults could have been even better if
this statistical method had been included intovibting set>.

3 However, this experiment was not performed duedbnical reasons by the time this thesis is writte
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7 Conclusion

We have tried to use the BP ANN in several typesxpieriments. When determining
the correct tag given a reliable context, we hasarled that the neural tag is basically
capable to handle the problem, although the acHieagging precision (89,22%) did not
reach that of the best statistical method (93,4%g.also managed to determine appropriate
network and context parameters that we have usetkinext experiments.

The attempt to determine the correct tag on thasbak beforehand statistically
determined tags brought a slight decrease of tggmiecision (88,71%).

Finally, the experiment, which goal was to votenirthe outputs of two statistical
taggers, showed higher tagging precision (93,588an tany of these methods (92,74%,
92,58%). It is therefore the overall best resultlmngiven training data set (PDT).

In summary, neural network approach proved to bey vsuitable for the
morphological tagging task. A simple BP algorithrasaable to exceed the tagging precision
reached by the best statistical method availabtevever, it relied itself on the statistical
output. This result shows that an union of theisttadl methods and the neural network
approach could be very promising.

Our approach has yet to be tested on the largeirtgeset (Czech Corpus data), where
the tagging precision of statistics reaches maaia 85%.

There are many other experiments that are wortfoqpeing. For instance, recurrent
neural networks performance on the morphologicggiteg task should be tested. Neural
networks could be also trained to determine théengtcontext parameters for the tagging
task.
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Appendix A, Software tools

In order to be able to perform the described expents, several software tools have
been designed and implemented:

» Perl scripts managing source data conversions
» ExpLab, the experiment manager application

Section A.1 contains instructions regarding dataveesions and use of the ExpLab
application. Brief remarks on ExpLab implementatoam be found in Section A.2.

A.1 User's Guide

This section contains information on the instatlatof the software tools, conversion
of data sources, and running the experiments. Téetrenic sources are located on the
enclosed CD.

The following text assumes that you are alreadyilfanmwith the terms presented in
chapters 1 to 6 of this thesis.

A.1.1 System requirements

ExpLab may be installed on aiyindows 98 system and higher. In order to be able
to run the Perl scripts, a Perl interpreter (AgjivePerl*®) must be installed on your system.

A.1.2 CD contents
The directory structure of the enclosed CD is #s\is:

* \Programs\ExpLab  (contains ExpLab application executable)

* \Programs\ExpLab\Lab  (ExpLab working directory, see Section B.1)

= \Programs\ExpLab\Source (ExpLab source code)

* \Programs\ExpLab\Source\Doc (ExpLab HTML and Latex documentation)

" \Programs\Utils (Perl scripts)

" \Programs\Utils\Grader (Grader tool source files)

* \Data\Reliable (compressed reliable-context-based determinatiperaments)
* \Data\Stat  (compressed statistical-context-based determinab@eriments)

» \Data\Vote  (compressed voting experiments)

Due to the licensing policy, there are no corpusa dariginal or converted) on the CD.
Please obtain them from the Institute of Formal Apglied Linguistic®.

*You may obtain this installation http://www.activestate.com
'3 |nstitute of Formal and Applied Linguistics, Fagubf Mathematics and Physics, Charles Universiague
at http://ufal.ms.mff.cuni.cz/pdt
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A.1.3 Installation

1. Install ExpLab and the scripts by copyirgPrograms  directory (where X is your
CDROM drive) to an arbitrary directory on your hdrige.

2. If you wish to review the experiments stored on@i® unpack the selected zipped
files from the\data directory into a directory on your harddrive. Thirgshes the
installation of resources located on the enclosed C

3. Obtain the PDT corpus morphological ddit http://ufal.ms.mff.cuni.cz/pdfThese
data consist of many small files. (We recommendiopering the following steps
underCygWin — a Linux emulator under Windows, which you cahaje
http://www.cygwin.com From now on, it is assumed that you have Cyg\Wstailled
on your system.)

4. Unpack the obtained corpus files. Launch CygWint@wto the directory with corpus
files and run

gunzip *

5. Merge the corpus files into single training filexarding to your preferences. Copy
the selected files into a separate directory and ru

cat* > my file
wheremy_file is the name of the newly generated training file.

6. Merge the specified files into the development trdevaluation testing file in the
same way as in step 5.

7. Create a special “global” file by merging all theadable (training and testing) files.

8. Run the morphological analysis tool (as descrilbedDT 1.0 sources) on the files
you have created in steps 5-6.

9. Convert the data as described in Section A.1.4.

10.You are now ready to run morphological tagging expents with ExpLab.

16 Of course, you may also use any other data isdnge SGML format.
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A.1.4 Data conversion

In order to run experiments in ExpLab, it is neeegso convert the PDT source files,
which installation and merging is described in #eciA.1.3, into the format readable by the
ExpLab application.

Follow these steps to perform the conversion:

1. Copy the training and testing files that you crdaderring the installation (see Section
A.1.3) into\Programs\Utils in the installation directory. Switch to this ditery.

2. Create character map table by runn@meateCharTable.pl with -| parameter set to the
maximum suffix length you wish to consider. Theutésg file should contain all
characters that appear in suffices of all wordshim training and testing files. Send the
global file (see Section A.1.3) to stdin and retei¢he table file from stdout. For example,

perl CreateCharTable.pl —| 4 < global.txt > char_ma p.txt

creates thehar_map.txt — a character map containing all characters appuean the
suffices of length 4 in the source file global .

3. Convert the source files by running eith@snvertFile.pl (if you generate reliable-
context-based determination files) @onvertFileStat.pl (if you generate statistical-
context-based determination or voting experimdesfi Provide-f parameter set to the
table file created in step 1, parameter set to the maximum suffix length youhwis
consider, and (when runningonvertFileStat.pl ) —-m parameter determining the
statistical methods for the context (value of Dt src="value“> attribute). For
example,

perl CreateFileStat.pl —| 4 —f char_map.txt -m a,b
< sllearn.txt > .\ExpLab\Lab\Exp_stat\sllearn.bst

creates the convertedlearn.bst  file from the source file and places it into the- a
propriate directory. Please note that the namingventions described in Section B.5
must be fulfilled.

4. Convert the global file in the same way as desdribestep 3 (perform the conversion by
ConvertFileStat.pl)

perl CreateFileStat.pl —| 4 —f char_map.txt -m a,b
< global.txt > global.cnv

5. Create tag map table by runnir@yeateTagTable.pl with —a parameter set to a
converted file, which contains all tags presentha training and testing files, i.e. the
converted global file. Set parameter to the file name, on which you wantaseithe tag
occurrence frequency computation (this may be tiieectraining corpus). For example,

perl CreateTagTable.pl -a global.cnv -t s3learn.txt >
.\ExpLab\Lab\TagTable.txt
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createsragTable.txt  file and places it into the proper directory.

If the format of your files is different from thatf PDT, you have to perform the
conversion manually. See Section B.6 for the dpson of converted files format.

A.1.5 ExpLab environment

The testing manager works in a very easy way. dvides you with a single dialog
window to set all the experiment parameters (Fighu®). Once this is done, you click the
Start Experiment button. The experiment specific output files (#g@pendix B) are then
generated and you may view them as the experimest r

This section contains detailed description of tlseruinterface control items. For
instructions on the experiment procedure see SJeftib.6.

=101 x]
— Experiment bype — Training file type — Suffix coding——  — Tag coding —Met settings
™ Reliable contest " Raw €1 from N + Category Hidden units: |4UU
{* Statistical context { & Merged & Binayy " Index Eta paran: nz
= Yating ™ Entire tag test Baze: |3 Length: |4  1homN tlpha param: IF
i+ Binary .
- Categarie: — Experiment parameters————— Alpha after: |2El
[~ POS I | MGrarm: |3 Template: I I™ POS anly Cycles: IEDD
[~ sugpos | N Right contest: [T Treshold: [0 terations: [
[v GENDER I | Training zet: |33 Test period: I‘I Errar treshald: ID
Stat sounce: Ia [V 2dd zero tags [~ "Skipping'" vectors
[ MUMBER | [
Testing files:
¥ CASE | | |dl [ SuperSab
et etest IT
| B .
[~ PSGMDR | N nerease
Miscel Decrease: 05
 Mizcellansous
I PSHMER I _I - Increaze max: I‘IEI
[~ PERSON I | iv\r"orklng directary: Decreaze min: IEI.‘I
lab®,
I TENSE I —I Iniitial rmet:
™ GRADE | [ [ -
rNEG - I Full output
WOICE Total stat sources: |2
L I _I Start Expenment
[~ vaR | | Batch size: IU

Figure A.1: ExpLab dialog window

e Experiment type sets one of the three experiments presented:
* Reliable-context-basedletermination
= Statistical-context-baseddetermination
= Voting for statistics

e Task determines the phase of the experiment set :
= Training file generation for the given experiment type
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» Category testperforms the partial category training and tesforgeliable or
statistical-context-based determination

» Entire tag teststarts the voting experiment or performs the ceteplag
determination based on the category tests fordlahte(statistical)-context based
determination experiments

Training file type determines whether the resulting training seit (& to be generated) or
the input training set (if a testing task is sedegtis statistically merged:

* Raw - no merging
= Merged — merging with reliability threshold, which firdecimal digit isbase

Categoriessection sets the morphological categories involugtie experiment.

= Checking a category will generate the trainingosehclude the category into the
reliable(statistical)-context-based experimenttfat category.

= Typing or selecting a partial category experimegtivork file into the proper edit box
will add the category into the complete tag deteation experiment.

Net settingssets the learning parameters of the neural netweek:

= Hidden units — hidden layer size

= Eta param — weight adaptation coefficient

= Alpha param — momentum

= Alpha after — number of cycles till momentum is used

= Cycles- training cycles (how many times is the traingeg learned)

= |terations — training iterations (how many times is each oet#arned)

= Error threshold — trains only the vectors, which error is highweart this value

= “Skipping” vectors — if checked, the network is trained only on tleeters, which
ordering of respective components differs from tifahe target vector

» SuperSab- if checked, SuperSab learning algorithm is used
* |ncrease— SuperSab increase coefficient

= Decrease- SuperSab decrease coefficient

* |ncreaseMax— SuperSab maximal eta value

= DecreaseMin— SuperSab minimal eta value

Experiment parameterssets the general experiment parameters:

= NGram — left context taken into consideration (numbepi@ceding tags plus one)
» Right context— additional right context (number of followings

= Training set — base training file prefix (e.g. for the base fd@learn” prefix is “s2”)
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Stat source— character defining the context statistical tsmsrce (“a” — the first
statistical tag source, “b” — the second one, etc.)

Template — template file prefix. Network output is takenardonsideration only if the
input vector is not found within this file. If sthe corresponding output will be
processed.

Threshold — testing reliability threshold. If the output ¥eccomponent is lower than
this value, it will be considered to be zero.

Test period— testing on the testing files is performed after given number of
training cycles

Add zero tags— virtual zero tags are placed in front of andrate sentence, so that
all its tags may be evaluated in the context otsjeel length

Testing files— comma separated names of base testing filegforpetesting on

Suffix coding determines the way suffices are coded:

1 from N
Binary
Length determines the suffix length considered

Tag codingdetermines the way tags are coded:

Category — category tag coding

Index — index tag coding

1 from N

Binary

POS only— only the part-of-speech category is coded foheag

Miscellaneousconsists of all other items:

Working directory specifies path to the experiments directory
Initial network specifies initial network file for the experiment
Total stat sourcesspecifies the number of stat sources in the inpator file

Full output — when checked, the answer tags list file is geadrd-urthermore,
network output is assigned to each vector of teertg and training files, and is
printed in a special file.
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A.1.6 Experiment procedure

This section guides you through the experiment gatace. For the description of the
respective experiment parameters see Section Abrihe description of the generated data
see Appendix B.

Reliable-context-based determination experiment

1. Start ExpLab. Seled®eliable context in the Experiment type section and set task type
to Training data generation. Select the morphological categories you wantetioegate
training files for. Set the experiment paramet&sn the experiment. Raw training
files for the selected categories will be generated

2. Once the generation finishes, perform the stasisticerging by running the newly
created batch file. (If statistical merging is stéel.)

3. Start ExpLab. Seled®eliable context in the Experiment type section and set task type
to Category test. Select the categories you want to run the testkpgeriment for. (The
experiments will run sequentially for each cate@jo8et the experiment parameters.
Run the experiment. A new experiment directory Wweél created and output files will
be written there as the experiment runs.

4. Run the entire tag determination experiment. EaplLab. SelecReliable context in
the Experiment type section and set task typeHatire tag test. Type or browse for the
network configuration files from the previous caiggdetermination experiment into
the respective edit boxes. Set the experiment peteas1 Run the experiment. The
result is written to thet_reliable directory.

Statistical-context-based determination experiment

The procedure is the same as for the reliable-gohi@sed determination (just select
Satistical context as the Experiment type).

Voting experiment
1. Start ExpLab. SelecYoting in the Experiment type section and set task type to
Training data generation. Set the parameters. Run the experiment. A singe

training file will be generated.

2. Once the generation finishes, perform the stasistigerging by running the newly
created batch file. (If statistical merging is stéel.)

3. Start ExpLab. Seledfoting in the Experiment type section and set task tggdentire

tag test. Set the experiment parameters. Run the experinfentew experiment
directory will be created and output files will ieitten there as the experiment runs.
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A.2 Implementation remarks

This chapter briefly describes the implementatidnthe ExpLab application. The
source code itself is well documented and the etalocumentatiohl is also available in
HTML and Latex format on the enclosed CD (see $adi.1.2).

A.2.1 Development environment

As the experiment evaluation scheme requires tightection to the neural network
instance configuration, we have decided to integmair own backpropagation network
implementation into the application. In order t@cle the optimal neural network learning
performance, the application has been implemenie@++. To be able to create a user-
friendly graphical interface easily, we have dedide useMicrosoft Visual C++ 6.0 as the
development tool.

A.2.2 Object skeleton
The basic functionality of the most important cksss described in this section:

» The dialog clas€ExpLabDlg underlies the main (and only) application form end
the user sets the experiment parameters. It habdlesviour of the form controls and
runs the selected experiments — creates the iregariche experiment classes
described below and runs their generation or tgstiathods.

= CExperimentSWTA/CExperimentSWTAStat generates training set and runs
testing for the particular category in the religblatistical) context experiment via its
GenerateandTest methods respectively.

=  CExperimentCWTA/CExperimentCWTAStat runs the entire tag determination
experiment based on the results (input networkshemespective categories in the
Reliable(Statistical) context experiment via@tismmencemethod.

=  CExperimentVoting generates training set and runs testing for thiengexperiment
via its GenerateandTest methods respectively.

=  CDataGenerator/CDataGeneratorStatreads the source data into internal data
structures (a list o€ Sentenceobjects). These classes are used by the experiment
classes to load the source data.

= CBPNetclass is the implementation of the backpropagalgorithm.

" The documentation was created by the Doxygen sygtep://www.stack.nl/~dimitri/doxygen
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Appendix B, Electronic sources description

This appendix describes structure and naming oéxiperiment files and directories.

B.1 Experiment working directory structure

The experiment working directoriay by default) contains the following items:

exp_reliable  subdirectory, where the source data files forrétiable-context-
based determination experiment are located

exp_stat subdirectory, where the source data files for thastical-context-based
determination experiment are located

exp_vote subdirectory, where the source data files for thieng experiment are
located

ct_reliable subdirectory, where the result of entire tag deteaion for the
reliable-context-based determination experimentrigen

ct_stat subdirectory, where the result of entire tag deteation for the
statistical-context-based determination experingentritten

Testing experiment subdirectories for the respeatixperiments (see Section B.2)
Generated training files (together with the batager)

Grader.exe Statistical merging tool

TagTable.txt ~ containing tag indexing and frequency information

B.2 Testing directory name

A separate directory is created for each testipgeement. The name of the directory
consists of codes for the set parameters thategarated by underscore. The codes in the
respective order are explained below:

e Experiment typeis

=t for the reliable-context-based determination

= sfor the statistical-context-based determination

= v for the voting experiment

e Training set is the prefix of the training data file (e.g. “stbr “sllearn”)

e Category is the name of the category for the experimenddimg with particular category,
na otherwise

e Tagcoding is

= ¢ for category tag coding

= | for index tag coding
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Tag value coding is
= D for binary coding
= o for one from n coding

Suffix coding and length is

= Dl for binary coding| is the suffix length

= ol for one from n codind,is the suffix length
» O, if no suffix is present

Training set type and reliability threshold is
= mt for statistically merged data set with reliabilibyeshold valu¢/10
= r,if raw data set is trained

ninn-gram (i.e. left context length + 1)
Additional right context length

Zero tags statusis
= z0, zero tags are not included at the begging addérach sentence
= 71, if they are included

Wholetag status is
= ¢, if only part-of-speech part of a tag is coded
= f,if entire tag is coded

Satistical sourceis the code of the context provider statisticalmodt(statistical-context-
based determination and voting experiments ardygtherwise)

Total statistical methodsis the number of statistical taggers, which outpuésvoted from
(voting experiment only)

SuberSab statusis
» s(Q if standard backpropagation learning algorithmsed
= sl if SuperSab learning algorithm is used

Number of unitsin the hidden layer
Number of training cycles

Number of training iterations
Momentumterm* 100

Learning rate* 100

SuperSab increase term * 100
Super Sab decrease term * 100

Super Sab maximum increase term* 100
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e  SuperSab minimum decrease term* 100

e Skipping vectors only status is
=  sQorkO if all vectors are trained

= slorKkl if the network is trained only on the vectors, @thordering of respective
components differs from that of the target vector

e Training tolerance threshold * 100 (only vectors, which error — distance from the ¢drg
vector - is higher than this number will be trairey

e Testing reliability threshold * 100 (network output below this value is considerededp

B.3 Testing output files

The testing report and performance output filessamgple plain text files containing
self-explanatory entries. Hence, we do not des¢hbg internal structure in this appendix.

B.3.1 Category testing and voting experiment

The following set of output files is generated dgrthe category testing in the reliable
(statistical)-context-based determination and \gp&rperiments:

= cycl e_nunber.net , the network configuration file, which may be lai@aded as the
initialize the net

» cycle_nunber.rf i, testing report on the i-th testing file (testiiigs are numbered in
order specified in the user interface edit box)

= cycle_nunber.pin , neural network performance output over the trejreet

Additionally, progress.txt file records the testing results summary for etasting
period and keeps track of the overall best results.

B.3.2 Entire tag determination

The following files are generated i reliable (ct_stat ) directory during the
entire tag determination in the reliable (statajicontext-based determination experiment:

* test_ nane.rf ,testing report on the testing fiame
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B.4 Training file names

The names of generated training files for a paicaxperiment are coded similarly
as the directory names. However, the parameterss ssimewhat reduced. It contains the
following items (which meaning is the same as dbsdrin Section B.2):

Experiment type

Training set

Tag coding

Tag value

Suffix coding and length
Training set type and reliability threshold
nin n-gram

Additional right context length
Zero tags status

Whole tag status

Satistical source

Total statistical methods

B.5 Base file names

Base files are located in the proper experimengctliries (exp_reliable, exp_stat,
exp_vote).

The names of base training files match the follgnpatternsi learn . suf fi x, where
i is an arbitrary digi and suffix is

= Dyl
= Dst

(in exp_reliable )
(in exp_stat )

= pvt (in exp_vote)

The names of base testing files can be arbitrheysuffix is determined in the same
way as that of the training files.

B.6 Internal files format

B.6.1 Reliable-context-based determination source f iles

The structure of the reliable-context-based deteation experiment files is as follows
(\n denotes the newline character):

'8 We recommend to number the training sets sequigntia
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Number_of_suffix_digits Width_of _suffix_digit\n

\n

\n #Sentence 1

CorrectTag ;\n #Correct tag of the first word of the sentence
PossibleTag 1 PossibleTag 1, ...\n #Possible tags for this word
CorrectTag ,\n #Correct tag of the secord word of the sentence
PossibleTag »; PossibleTag ,, ...\n #Possible tags for this word

\n #Sentence 2

CorrectTag \n #Correct tag of the first word of the sentence
PossibleTag 1 PossibleTag 1, ...\n #Possible tags for this word
CorrectTag ,\n #Correct tag of the secord word of the sentence
PossibleTag ,; PossibleTag 5, ...\n #Possible tags for this word

B.6.2 Statistical-context-based determination and v oting source files

The structure of the statistical-context-based rd@teation experiment and voting
experiment files is as followsn( denotes the newline character):

Number_of_suffix_digits Width_of _suffix_digit\n

\n

\n #Sentence 1

CorrectTag 1\n #Correct tag of the first word of the sentence

#Statistical tags of the respective taggers, possib le tags
StatTag i1, StatTag 1, ... PossibleTag 11 PossibleTag 1, ...\n
CorrectTag ,\n

StatTag ,; StatTag »; ... PossibleTag 21 PossibleTag 2 ...\n

\n #Sentence 2
CorrectTag ;\n #Correct tag of the first word of the sentence

#Statistical tags of the respective taggers, possib le tags
StatTag i1, StatTag 1, ... PossibleTag 11 PossibleTag 1, ...\n
CorrectTag ,\n

StatTag ,; StatTag »; ... PossibleTag o1 PossibleTag 2 ...\n

B.6.3 Tag table
The structure of the tag table is as follows denotes the newline character):

Tagl Number_of occurrences Order\n
Tag2 Number_of _occurrences Order\n
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Appendix C, Positional tag definition

The following tables give detailed description bk tpositional tag morphological
categories and the values these may acquire. Theg/taken from the PDT1.0 resources [4].

No.| Name Description

1| POS Part of Speech

2 | SUBPOS Detailed Part of Speech
3 | GENDER Gender

4 | NUMBER Number

5| CASE Case

6 | POSSGENDER |Possessor's Gender

7 | POSSNUMBER |Possessor's Number
8 | PERSON Person

9 | TENSE Tense

10 | GRADE Degree of comparison
11 | NEGATION Negation

12 | VOICE Voice

13 | RESERVE1 Unused

14 | RESERVE2 Unused

15 | VAR Variant, Style, Register, Special Usage

Table C.1: Morphological tag categories

<
=
c
D

Description

Adjective

Numeral

Adverb

Interjection

Conjunction

Noun

Pronoun

Verb

Preposition

Particle

Unknown, Not Determined, Unclassifiable
Punctuation (also used for the Sentence Boundary token)

NI X|H0<|T|Z2|«|—|T|0|>

Table C.2: POS category values description

-43 -



Description

Abbreviation used as an adverb (now obsolete)

# |Sentence boundary (for the virtual word ###)
* |Word krét (lit.: times) (POS: C, numeral)
, __|Conjunction subordinate (incl. aby, kdyby in all forms)
. |Abbreviation used as an adjective (now obsolete)
0 |Preposition with attached -i (pronoun néj, lit. him); prof, naf, .... (POS: P, pronoun)
1 [Relative possessive pronoun jehoz, jejiz, ... (lit. whose in subordinate relative clause)
2 |Hyphen (always as a separate token)
3 |Abbreviation used as a numeral (now obsolete)
4 Relative/interrogative pronoun with adjectival declension of both types (soft and hard) (jaky,
ktery, €i, ..., lit. what, which, whose, ...)
5 The pronoun he in forms requested after any preposition (with prefix n-: n&j, ného, ..., lit. him in
various cases)
6 Reflexive pronoun se in long forms (sebe, sobé&, sebou, lit. myself / yourself / herself / himself in
various cases; se is personless)
7 Reflexive pronouns se (CASE = 4), si (CASE = 3), plus the same two forms with contracted -s:
ses, sis (distinguished by PERSON = 2; also number is singular only)
Possessive reflexive pronoun svij (lit. my/your/her/his when the possessor is the subject of the
sentence)
9 |Relative pronoun jenz, jiz, ... after a preposition (n-: néhoz, niz, ..., lit. who)
. |Punctuation (except for the virtual sentence boundary word ###, which uses the SUBPOS #)
;  |Abbreviation used as a noun (now obsolete)
= |Number written using digits (POS: C, numeral)
? |Numeral kolik (lit. how many/how much)
@ |Unrecognized word form (POS: X, unknown)
A |Adjective, general
B |Verb, present or future form
C |Adjective, nominal (short, participial) form rad, schopen, ...
D |Pronoun, demonstrative (ten, onen, ..., lit. this, that, that ... over there, ...)
E Relative pronoun coZ (corresponding to English which in subordinate clauses referring to a part
of the preceding text)
= Preposition, part of; never appears isolated, always in a phrase (nehledé (na), vzhledem (k), ...,
lit. regardless, because of)
G |Adjective derived from present transgressive form of a verb
Personal pronoun, clitical (short) form (mé&, mi, ti, mu, ...); these forms are used in the second
H [|position in a clause (lit. me, you, her, him), even though some of them (mé&) might be regularly
used anywhere as well
| |Interjections (POS: 1)
J |Relative pronoun jenz, jiz, ... not after a preposition (lit. who, whom)
K Relative/interrogative pronoun kdo (lit. who), incl. forms with affixes -z and -s (affixes are
distinguished by the category VAR (for -7) and PERSON (for -s))
L [Pronoun, indefinite vSechnen, sam (lit. all, alone)
M |Adjective derived from verbal past transgressive form
N [Noun (general)
O |Pronoun svij, nesvlj, tentam alone (lit. own self, not-in-mood, gone)
Personal pronoun ja, ty, on (lit. I, you, he) (incl. forms with the enclitic -s, e.g. tys, lit. you're);
P |gender position is used for third person to distinguish on/ona/ono (lit. he/she/it), and number for
all three persons
Q |Pronoun relative/interrogative co, copak, cozpak (lit. what, isn't-it-true-that)
R |Preposition (general, without vocalization)
S Pronoun possessive mij, tvlij, jeho (lit. my, your, his); gender position used for third person to
distinguish jeho, jeji, jeho (lit. his, her, its), and number for all three pronouns
T |Particle (POS: T, particle)
U |Adjective possessive (with the masculine ending -(v as well as feminine -in)
V _ |Preposition (with vocalization -e or -u): (ve, pode, ku, ..., lit. in, under, to)
W |Pronoun negative (nic, nikdo, nijaky, Zadny, ..., lit. nothing, nobody, not-worth-mentioning,
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no/none)

(temporary) Word form recognized, but tag is missing in dictionary due to delays in

X - .
(asynchronous) dictionary creation
Pronoun relative/interrogative co as an enclitic (after a preposition) (o0&, na¢, zag, lit. about what,
on/onto what, after/for what)

Z |Pronoun indefinite (néjaky, néktery, €ikoli, cosi, ..., lit. some, some, anybody's, something)

A |Conjunction (connecting main clauses, not subordinate)

a Numeral, indefinite (mnoho, mélo, tolik, nékolik, kdovikolik, ..., lit. much/many, little/few, that

much/many, some (number of), who-knows-how-much/many)

Adverb (without a possibility to form negation and degrees of comparison, e.g. pozadu,
b |naplocho, ..., lit. behind, flatly); i.e. both the NEGATION as well as the GRADE attributes in the
same tag are marked by - (Not applicable)

Conditional (of the verb byt (lit. to be) only) (by, bych, bys, bychom, byste, lit. would)

Numeral, generic with adjectival declension ( dvoji, desatery, ..., lit. two-kinds/..., ten-...)

Verb, transgressive present (endings -e/-é, -ic, -ice)

—|D |0

Verb, infinitive

Adverb (forming negation (NEGATION set to A/N) and degrees of comparison GRADE set to
1/2/3 (comparative/superlative), e.g. velky, za\-ji\-ma\-vy, ..., lit. big, interesting

Numeral, generic; only jedny and nejedny (lit. one-kind/sort-of, not-only-one-kind/sort-of)

—_ T (@)

Verb, imperative form

Numeral, generic greater than or equal to 4 used as a syntactic noun (tvero, desatero, ..., lit.
four-kinds/sorts-of, ten-...)

—

Numeral, generic greater than or equal to 4 used as a syntactic adjective, short form (¢tvery, ...,
lit. four-kinds/sorts-of)

Numeral, cardinal jeden, dva, tfi, ¢tyfi, pll, ... (lit. one, two, three, four); also sto and tisic (lit.
hundred, thousand) if noun declension is not used

Verb, past transgressive; also archaic present transgressive of perfective verbs (ex.: udélav, lit.
(he-)having-done; arch. also udélaje (VAR = 4), lit. (he-)having-done)

n |Numeral, cardinal greater than or equal to 5

Numeral, multiplicative indefinite (-krat, lit. (times): mnohokrat, tolikrat, ..., lit. many times, that
many times)

Verb, past participle, active (including forms with the enclitic -s, lit. 're (are))

o o O

Verb, past participle, active, with the enclitic -t, lit. (perhaps) -could-you-imagine-that? or but-
because- (both archaic)

-

Numeral, ordinal (adjective declension without degrees of comparison)

2}

Verb, past participle, passive (including forms with the enclitic -s, lit. 're (are))

Verb, present or future tense, with the enclitic -t, lit. (perhaps) -could-you-imagine-that? or but-
because- (both archaic)

Numeral, interrogative kolikrat, lit. how many times?

Numeral, multiplicative, definite (-krat, lit. times: pétkrat, ..., lit. five times)

Numeral, indefinite, adjectival declension (nejeden, tolikaty, ..., lit. not-only-one, so-many-times-
repeated)

s [<|c

Abbreviation, part of speech unknown/indeterminable (now obsolete)

Numeral, fraction ending at -ina (POS: C, numeral); used as a noun (pétina, lit. one-fifth)

Numeral, interrogative kolikaty, lit. what (at-what-position-place-in-a-sequence)

Numeral, written using Roman numerals (XIV)

1 ~|N [ [X

Abbreviation used as a verb (now obsolete)

Table C.3: SUBPOS category description
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Value

Description

Not applicable

Feminine

Feminine or Neuter

Masculine inanimate

Masculine animate

Neuter

Feminine (with singular only) or Neuter (with plural only); used only with participles and nominal
forms of adjectives

Masculine inanimate or Feminine (plural only); used only with participles and nominal forms of
adjectives

Any of the basic four genders

Masculine (either animate or inanimate)

N [¥X|X| 4 | O |Z|IZ|—|T|7|"

Not fenimine (i.e., Masculine animate/inanimate or Neuter); only for (some) pronoun forms and
certain numerals

Table C.4: GENDER category description

|[Value |Description
- Not applicable
D |Dual
P |Plural
S |Singular
W Singular for feminine gender, plural with neuter; can only appear in participle or nominal
adjective form with gender value Q
X  |Any

Table C.5: NUMBER category description

Value

Description

Not
applicable

Nominative

Genitive

Dative

Accusative

Vocative

Locative

Instrumental

XN~ w(N|F

Any

Table C.6: CASE category description

Value

Description

Not applicable

Feminine possessor

Masculine animate possessor (adjectives
only)

Any gender

N|IX| < [T

Not feminine (both masculine or neuter)

Table C.7: POSSGENDER category description
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Value

Description

Not applicable

P

Plural (possessor)

S

Singular (possessor)

Table C.8: POSSNUMBER category description

Value

Description

Not
applicable

1st person

2nd person

WIN|F-

3rd person

X

Any person

Table C.9: PERSON category description

Value

Description

Not applicable

Future

Past or Present

Present

Past

X (DO |TM|

Any (Past, Present, or
Future)

Table C.10: TENSE category description

Value |Description
Not
" |applicable
1 |Positive
2 |Comparative
3 |Superlative

Table C.11: GRADE category description

Value

Description

Not applicable

A

Affirmative (not negated)

N

Negated

Table C.12: NEGATION category description

Value |Description
- |Not applicable
A |Active
P |Passive

Table C.13: VOICE category description

Value

Description

Not applicable

Table C.14: RESERVE1 category description
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Value

Description

Not applicable

Table C.15: RESERVE? category description

Value

Description

Not applicable (basic variant, standard contemporary style; also used for standard forms
allowed for use in writing by the Czech Standard Orthography Rules despite being marked there
as colloquial)

Variant, second most used (less frequent), still standard

Variant, rarely used, bookish, or archaic

Very archaic, also archaic + colloquial

Very archaic or bookish, but standard at the time

Colloquial, but (almost) tolerated even in public

Colloquial (standard in spoken Czech)

Colloquial (standard in spoken Czech), less frequent variant

Abbreviations

OO (N[O(U|DWIN|F-

Special uses, e.g. personal pronouns after prepositions etc.

Table C.16: VAR category description
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