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Chapter 1

In tro duction

In this Chapter, the framew ork and con text of this Master's Thesis are ex-

plained brie�y . The task and aims of this w ork are in tro duced, and an o v erview

of the structure of the Thesis is presen ted.

1.1 Problem setting

The w ork and exp erimen ts p erformed in this Thesis fall within the broader

framew ork of statistical natural language pro cessing, and, more precisely , par-

ticularly in the con text of the emergence of linguistic structure. The lev el of

linguistic structure in the scop e of this w ork is limited to studying the emer-

gence of w ord-lev el categorizations.

Also, through the data set used in the exp erimen ts, this Thesis also relates

to the study of c hildren and the emergence of h uman language skills. The data

set, pro vided b y the Childr en ar e T el ling group of indep enden t researc hers, is

a collection of stories told b y Finnish c hildren aged from 1 to 14 and collected

using a sp ecial metho d called Storycrafting, whic h seeks to promote equalit y

in dialogs b et w een c hildren and adults.

1.2 Aim of the Thesis

In this Thesis, the c hildren's stories text corpus is analyzed with an unsup er-

vised learning metho d called the Self-Organizing Map (SOM). The aim is to

ha v e the linguistic structure that is presen t in the stories of y oung c hildren,

esp ecially at the lev el of w ord categorizations, emerge automatically from the

corpus itself.

The main inno v ation of this Thesis is the utilization of emergen t morphology-

lev el information as the features for constructing self-organizing maps. Com-
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CHAPTER 1. INTR ODUCTION

pared to traditional self-organizing map -based w ord categorizations whic h use

whole con text w ords as features, the utilization of morphological information is

hop ed to impro v e the qualit y of the resulting w ord maps. In fact, Lagus et al.

(2002) ha v e successfully categorized Finnish v erbs using w ord SOMs with mor-

phosyn tactic features, obtained with a rule-based parser for Finnish.

In this Thesis, the morphological information used in the training of the

self-organizing maps is extracted automatically from the c hildren's stories cor-

pus itself, with a fairly recen tly dev elop ed unsup ervised morphology induc-

tion metho d called Morfessor. Hence, the main goal of this Thesis is to �nd

out whether the use of morphology-lev el features obtained b y an unsup ervised

metho d could help in training self-organizing w ord maps that are of b etter

qualit y than traditional whole con text w ord -based w ord maps. In summary ,

this Thesis studies the task of categorizing Finnish w ords in a completely un-

sup ervised manner.

Also, in order to �nd out whether the selection of di�eren t t yp es of morphs,

namely ro ot morphs, su�xes and pre�xes, for features of a self-organizing map

could a�ect the qualit y of the resulting w ord map, exp erimen ts are p erformed

on self-organizing w ord maps with di�eren t com binations of morph t yp es as

features. An ev aluation metho d for automatically measuring the qualit y of

w ord maps is dev elop ed, based on comparing part-of-sp eec h information of

w ord forms mapp ed to adjacen t map no des and calculating a kind of a densit y

score for the w ord clusters on the map. Based on the exp erimen t results, a

successful com bination of morphs is c hosen for the features of the �nal self-

organizing maps on the c hildren's stories corpus. Then, the story corpus is

analyzed through these self-organizing w ord maps, particularly from the p oin t

of view of emergen t w ord categorizations.

1.3 Structure of the Thesis

This Thesis consists of roughly four parts. In the �rst one, the framew ork and

metho dology of this w ork are presen ted. In Chapter 2, b oth some linguistic

concepts and bac kground kno wledge on statistical natural language pro cessing

and unsup ervised learning metho ds are explained, essen tial for understanding

the exp erimen ts p erformed in this Thesis. Then, in Chapter 3, the metho dology

used in this Thesis, namely the Morfessor morphology induction metho d and

the self-organizing map, is describ ed in more detail.

Chapter 4 is an in tro duction to the data set utilized in this w ork, a Finnish

corpus of stories told b y c hildren aged from 1 to 14. The nature of the data

and its division in to sub categories is explained, and the prepro cessing and mor-

phological analysis pro cedures p erformed on the data are describ ed. Finally , a

2



CHAPTER 1. INTR ODUCTION

standardized format for impro ving the mac hine-readabilit y of the existing and

future story data is presen ted.

In Chapter 5, the selection of morph features for a self-organizing w ord map

is examined, and an ev aluation measure is presen ted for enabling automatical

ev aluation and comparison of w ord maps. The ev aluation results for sev eral self-

organizing w ord maps with b oth morphs and whole con text w ords as features

are studied, and observ ations on the p erformance of the di�eren t w ord map

v arian ts and on the optimal sets of morph features are made.

Chapter 6 con tains the actual data analysis of the c hildren's stories corpus,

using self-organizing w ord maps with morphs as features. First, a more detailed

analysis of the whole story corpus is presen ted. Then, self-organizing w ord maps

are constructed on the age-based sub categories of the corpus, and comparisons

b et w een w ord maps on the data in the di�eren t age categories and also with

the w ord map on the whole corpus are p erformed. Finally , Chapter 7 presen ts

a summary and the conclusions on the w ork p erformed for this Thesis, and

some suggestions on future w ork in this area are made.

3



Chapter 2

Bac kground

In this Chapter, the bac kground and framew ork of this Thesis are describ ed

in more detail. First, some linguistic concepts related to the area of researc h

of the Thesis are explained. Then, the statistical natural language pro cessing

framew ork of the Thesis' metho dology is in tro duced (see Chapter 3 for the ac-

tual metho dology). Finally , a metho d called Storycrafting for collecting stories

from c hildren, used in obtaining the c hildren's stories data set analyzed in this

Thesis, is describ ed.

2.1 Linguistic concepts

Before delving in to the actual metho dological framew ork of the Thesis, it is �t

to tak e a lo ok at some linguistic concepts and the nature of a natural language.

First, di�eren t kinds of structure in language are view ed shortly . Then, some

clari�cations and explanations on the terminology that will b e used later in

this Thesis are presen ted.

2.1.1 Linguistic structure

Natural language is a system with an abundance of structure. First, the main

structural distinction is the dualism b et w een the sound and meaning of w ords of

a natural language (Karlsson, 1998). Language is sym b olic of nature, meaning

that it consists of sym b ols (w ords of the language) and di�eren t com binations

of these sym b ols. The relation b et w een the form of the sym b ols (their pron un-

ciation) and their meaning (seman tics), ho w ev er, is completely arbitrary . It

is based only on a so cial con v en tion that this or that sym b ol should refer to

this or that referen t in the w orld. But ev en if this relation b et w een form and

meaning of linguistic sym b ols is arbitrary , its nature of con v en tionalit y means

that the relation, so cially accepted, is also indisp ensable (Karlsson, 1998).
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CHAPTER 2. BA CK GR OUND

In addition to the minimal basic sym b ols of a language, more complex sym-

b ols can b e constructed using the basic sym b ols and the sp ecial structural rules

of the language (Karlsson, 1998). F or example, some morphological pro cesses,

suc h as the one of deriving from the w ords �sno w� and �man� a new comp ound

w ord �sno wman�, are v ery pro ductiv e in natural languages. Sometimes the new

comp ound w ord is simply the sum of its parts, but sometimes the new w ord

carries a meaning that is not ob vious from the original w ords. Deriv ation is a

morphological pro cess of creating new w ords from existing w ords and deriv a-

tional a�xes, as opp osed to the pro cess of in�ection whic h pro duces in�ected

w ord forms of the same w ord (sno w+s ! �sno ws�).

Natural language th us has structural rules that can op erate on sev eral di�er-

en t lev els of abstraction. The most concrete subsystem of language is phonetics ,

the study of the sound units of a language and the w a y they are pro duced and

observ ed. All linguistic sym b ols consist of suc h sound units, called phones.

The sligh tly more abstract study of the structure of the sound units is called

phonolo gy . The subsystem of the con v en tionalized w ords of a natural language

is the lexic on , or the v o cabulary of the language. The subsystem that stud-

ies the in ternal structure of w ords and their comp osition is called morpholo gy ,

and syntax in its turn studies the com bination of w ords in to phrases and sen-

tences. Finally , at the most abstract lev el, the subsystem of semantics in v olv es

studying the meaning of linguistic sym b ols.

Put together, the subsystems of phonology , lexicon, morphology and syn tax

are often regarded as the formal subsystems whose units ha v e a ph ysical phono-

logical form (Karlsson, 1998). Their opp osite is the subsystem of seman tics,

whic h is materialized through the formal subsystems, esp ecially the lexicon.

Seman tics has therefore a connection to eac h of the other subsystems. Despite

of its lac k of o wn ph ysical form, the seman tic meaning is inseparable from the

form it is realized as (Karlsson, 1998). Also, the immaterial nature of seman tics

do esn't mean that it w ould b e dev oid of structure.

Eac h of the formal subsystems has its o wn units, and the categories that the

units b elong to (Karlsson, 1998). F or example, phonetics categorizes phones,

and syn tax has categories for di�eren t t yp es of phrases and sen tences. Ho w ev er,

the subsystems that are most cen tral to the w ork in this Thesis are those

of morphology , lexicon and seman tics. Lexicon in v olv es the categorization of

w ords in to part-of-sp eec h classes, for example in to nouns, v erbs, adjectiv es and

so on. The units of lexicon are w ords, or indep enden t v o cabulary items called

lexemes.

Morphology , on the other hand, can ha v e categories for example for the

ending t yp es of n um b er, case and p erson of Finnish w ords. Other morpholog-

ical categories include tense, asp ect, and mo de a�x t yp es of v erbs, adjectiv e
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CHAPTER 2. BA CK GR OUND

comparison a�xes, the man y a�xes of the pro cesses of deriving new w ords, and

so on. The units of morphology are called morphemes, and they can b e divided

in to free or un b ound morphemes and b ound morphemes. F ree morphemes can

o ccur b y themselv es, but b ound morphemes cannot as they are alw a ys attac hed

to some other morphemes. Morphemes are regarded as the smallest linguistic

units that b ear a meaning (Matthews, 1991).

Before mo ving on, a short clari�cation on some morphological terms is

needed. A�xes are b ound morphemes that can b e attac hed to b efore, after

or within a ro ot or stem. In this Thesis, the w ord r o ot is used as referring to

the p ortion of a w ord that has b een stripp ed of al l a�xes and is not further an-

alyzable in to meaningful elemen ts. Some w ord ro ots can app ear b y themselv es

and are th us free morphemes, but others alw a ys require a�xes to b e attac hed

to them. The w ord stem , in its turn, refers to a ro ot of a w ord together with

some p ossible deriv ational a�xes, but without in�ectional a�xes. Th us, the

adjectiv e �luotetta v a� ('reliable' or 'trust w orth y' in English) is a ro ot, but the

adjectiv e �epä+luotetta v a� ('unreliable' or 'un trust w orth y' in English), deriv ed

from the previous, is a stem.

Finally , in this Thesis, the w ord morph is used as referring to a phonetic

realization of a morpheme, as opp osed to morpheme whic h means the smallest

meaningful unit in a language. A morpheme, for example the Finnish su�x

-ssA for marking the inessiv e case, ma y ha v e more than one realizations as a

morph due to allomorph y , or morphophonological v ariation in languages. F or

example, the Finnish inessiv e case su�x morpheme men tioned ab o v e can ha v e

t w o di�eren t phonetic realizations or allomorphs, namely -ssa (�juna+ssa� or

'in (the) train') and -ssä (�kynä+ssä� or 'in (the) p encil'), dep ending on the

v o w els in the ro ot or stem it is attac hed to.

2.1.2 Linguistic con text

One linguistic concept that will b e essen tial in understanding the exp erimen ts

describ ed later in this Thesis is the notion of con text. Basically , linguistic con-

text refers to the language surrounding the w ord, phrase or whic hev er linguistic

unit w e are lo oking at.

The units, categories and their realizations in the di�eren t subsystems can

b e group ed under the term element (Karlsson, 1998). Elemen ts ha v e inher-

en t prop erties, for example v erbs are w ords that are used to express action,

existence or a state of b eing, and noun phrases alw a ys ha v e a noun as their

head w ord. Elemen ts also ha v e a distribution, whic h means the linguistic en-

vironmen t the elemen ts can o ccur in (Karlsson, 1998). The co-o ccurrence of

6



CHAPTER 2. BA CK GR OUND

an elemen t with elemen ts of some other t yp e and the relations b et w een these

elemen ts are cen tral to the metho dological framew ork of this Thesis.

An elemen t is considered to b e in a syntagmatic r elation with the other

elemen ts that it can b e catenated with to form a linear sequence of w ords

(Karlsson, 1998). These sequences of elemen ts of some lev el are called syn-

tagms. The meanings of the w ords in the sequence are also in a syn tagmatic

relation with eac h other, for example in the sen tence �The cat purred.� purring

is an act whic h is usually related to felines, and cats are animals that often

express their con ten tedness b y purring. These kinds of syn tagmatic relations

b et w een w ords are what is used as the basis of categorizing w ord forms in the

exp erimen ts conducted in the course of this Thesis.

Apart from syn tagmatic relations, elemen ts are also in a p ar adigmatic r ela-

tion with the elemen ts they are in terc hangeable with in a certain frame (Karls-

son, 1998). F or example, ev en if purring is an act usually reserv ed for cats, it

can b e used as a �gure of sp eec h to yield sen tences lik e �The engine purred.�

or �The w oman purred.� In this frame that consists of the de�nite article and

an in�ected form of the v erb �purr�, the w ords �cat�, �engine� and �w oman�

are in a paradigmatic relation with eac h other and th us form a paradigm. In

the w ord SOMs that are trained in this Thesis, the w ord forms that end up

in the same no de on the map or v ery close to eac h other can b e considered

as forming a kind of suc h paradigm with eac h other (see Chapters 3 and 6 for

more information on the metho dology and the resulting w ord SOMs).

Finally , the size of the con text or the frame in whic h the syn tagmatic and

paradigmatic relations of elemen ts are studied can v ary . The con text ma y

consist of only one or t w o elemen ts immediately b efore and after the elemen t

in question, or the c ontext window ma y extend o v er sev eral w ords or ma yb e

ev en sen tences. Also, ev en if the con text windo w is large, all elemen ts that fall

within its span are not necessarily tak en in to consideration but p erhaps only

a subset of them, for example ev ery second elemen t or only the t w o elemen ts

that are t w o steps b efore and after the cen ter of the frame.

T o conclude this section on the linguistic bac kground, the aim of this Thesis

is to �nd categorizations for w ords, a task whic h b elongs traditionally to the

subsystem of lexicon. Indeed, the usual w a y to categorize w ords is to use part-

of-sp eec h classes, whic h are the traditional categories of lexicon. The categories

that emerge in the exp erimen ts of this Thesis, ho w ev er, are sligh tly di�eren t.

They ha v e less to do with the subsystem of lexicon than has traditional w ord

categorization, and they tend to giv e m uc h more w eigh t to the seman tic simi-

larit y of w ords. Also, the metho ds whic h are used to construct the categories

b orro w information from the subsystems of morphology and, in the form of

con text windo ws, ev en syn tax.
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2.2 Statistical natural language pro cessing

The w ork in this Thesis falls in to the category of statistical natural language

pro cessing (statistical NLP). The w ord �statistical� means here simply that in

this approac h, NLP problems are b eing solv ed with metho ds that use natural

language text corp ora and statistical and probabilistic to ols for extracting in-

formation from them. A dopting the de�nition of Manning and Sc h ütze (1999),

�statistical NLP comprises all quan titativ e approac hes to automated language

pro cessing, including probabilistic mo deling, information theory and linear al-

gebra�.

In short, statistical NLP usually consists of non-logical w ork on NLP prob-

lems. Its opp osite are systems that use rules to structure linguistic expressions.

Di�eren t kinds of rules on linguistic structure ha v e a long history in linguistics

and also in NLP . In the last cen tury , ho w ev er, this rule-based approac h b ecame

increasingly complicated and rigorous, as detailed grammars attempting to de-

scrib e what w ere w ell-formed v ersus ill-formed utterances of a language w ere

constructed (Manning and Sc h ütze, 1999).

But, as Edw ard Sapir (1921) already put it, �All grammars leak.� It is

simply not p ossible to pro vide an exact and complete c haracterization whic h

w ould encompass all w ell-formed utterances of a language and whic h w ould

cleanly separate them from all other sequences of w ords, considered ill-formed

utterances (Manning and Sc h ütze, 1999). This is due to the fact that language

is not a static system but rather a to ol that is constan tly adapted b y p eople to

meet their curren t comm unicativ e goals and needs. Rigid rule systems cannot

tac kle suc h adaptiv eness, and therefore a lo oser approac h is needed.

Instead of trying to �nd rules to describ e grammatical or ungrammatical

sen tences, statistical NLP aims to �nd the common patterns that o ccur in lan-

guage use. The practitioners of statistical NLP are th us in terested in go o d

descriptions of the asso ciations and preferences that o ccur in the totalit y of

language use, instead of concen trating on categorical judgemen ts ab out sen-

tences that can, in realit y , b e v ery rare in actual language use (Manning and

Sc h ütze, 1999).

Statistical NLP has alw a ys had quite an applied c haracter to it. This is

quite natural, giv en the fact that it usually tries to �nd solutions to real NLP

problems, some of whic h ma y ha v e eluded solution for a long time when using

traditional metho ds. Muc h of the sk epticism and criticism to w ards probabilistic

mo dels for language stem from the fact that the w ell-kno wn early probabilistic

mo dels in the 1940s and the 1950s w ere extremely simplistic of nature (Man-

ning and Sc h ütze, 1999). But as Manning and Sc h ütze (1999) argue, complex

probabilistic mo dels can b e just as explanatory as complex non-probabilistic
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mo dels � but with the added adv an tage that they can also explain phenom-

ena that in v olv e uncertain t y and incompleteness of information, whic h o ccur

so frequen tly in h uman cognition and particularly in language.

2.2.1 Sup ervised and unsup ervised learning

Statistical natural language pro cessing usually in v olv es some kind of mac hine

learning. Mac hine learning means p ositing some general form of mo del and

then using training patterns to learn or estimate the unkno wn parameters of

the mo del. Learning, in turn, refers to some form of algorithm for reducing the

error on a set of training data (Duda et al., 2001).

Mac hine learning algorithms can b e roughly classi�ed in to sup ervised and

unsup ervised algorithms, dep ending on the task and the nature of the data

whic h is used to train them. The distinction is that with sup ervised learning,

w e kno w the actual status for eac h piece of data on whic h w e train; a category

lab el for eac h pattern in a training set is pro vided in adv ance. With unsu-

p ervised learning, ho w ev er, w e do not kno w the classi�cation of the data in

the training sample b eforehand. There is no explicit �teac her�, and the algo-

rithm forms its o wn clusters or �natural groupings� of the input patterns (Duda

et al., 2001). Unsup ervised learning can th us often b e view ed as a clustering

task, while sup ervised learning can b e seen as a classi�cation task (Duda et al.,

2001). In sup ervised learning, w e t ypically ha v e a man ually annotated text

corpus or some other pieces of information that ha v e usually in v olv ed h uman

e�ort, and the aim is to ha v e the algorithm learn to rep eat the annotation. An

unsup ervised learning algorithm, in turn, attempts to learn to extract informa-

tion automatically from an unannotated text corpus. The metho dology used

in the exp erimen ts of this Thesis b elongs to the latter category of unsup ervised

learning.

Using unsup ervised learning algorithms in statistical NLP can th us help

sa v e h uman e�ort in solving an NLP task. Of course, there are some already

annotated text corp ora

1

distributed freely for statistical NLP researc h purp oses,

but sometimes the existing annotated corp ora simply cannot satisfy the need at

hand. This is the case with for example the c hildren's stories corpus used in this

Thesis. Being an instance of the actual use of language of small c hildren, with

its slangy and particular expressions and w ords, no existing annotated corpus

2

w ould b e of m uc h help in training an algorithm for the task of categorizing the

1

See for example the Bro wn Corpus (F rancis and Kucera, 1964), the British National

Corpus (Burnard, 1995) or the P enn T reebank (Marcus et al., 1993).

2

With the p ossible exception of the CHILDES database (MacWhinney and Sno w, 1985),

whic h con tains transcripts of con v ersations with y oung c hildren. This corpus, ho w ev er, has

the fault of neither b eing really textual data but a collection of audio recordings with tran-
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w ords of this data. Also, making an o wn annotated corpus for this particular

task w ould b e a tedious and extensiv ely time-consuming job.

F urther, with the era of the In ternet with its v ast, constan tly expanding

amoun ts of text data, it w ould b e w asteful not to b e able to utilize suc h h uge,

free text resources in NLP tasks. Algorithms that can learn on unannotated

text data are th us a great asset whic h enable the harnessing of the p oten tial of

unpreceden tedly large text collections.

Finally , sometimes a categorization made b y an unsup ervised learning algo-

rithm is exactly what w e hop e to ac hiev e. The unsup ervised metho d ma y �nd in

the data some patterns that w ould ha v e b een missed using the pre-determined

classes of a sup ervised learning algorithm. An unsup ervised learning algorithm

ma y succeed in extracting from the corpus information of a completely di�eren t

t yp e or on a completely di�eren t basis than what its creators did or did not

originally ha v e in mind. This could help giv e totally new viewp oin ts in to the

data, and rev eal some facts ab out it that w ould p erhaps ha v e otherwise b een

missed. This, together with the fact that material for sup ervised categorization

of the w ords in the c hildren's stories corpus w as not ev en a v ailable, w ere the

main motiv ations for turning to unsup ervised metho ds rather than sup ervised

in this Thesis.

2.2.2 Emergence of linguistic structure

Applying unsup ervised learning metho ds to natural language pro cessing tasks

in the purp ose of �nding implicit patterns in the data can also b e view ed as

emer genc e of linguistic structur e . When an unsup ervised learning algorithm

extracts its o wn categorizations from the data, these categories are considered

to b e emergen t, something that emerged from the data itself, as opp osed to the

prede�ned classes of a sup ervised learning algorithm. The emergen t structure

can either b e in corresp ondence with some existing linguistic theory (for exam-

ple a theory on w ord categorization), or it can also represen t a categorization of

a completely new t yp e, based on phenomena whic h ma y ha v e b een previously

ignored or whic h ma y ha v e passed unrecognized un til no w.

Linguistic structure can emerge from data on sev eral di�eren t lev els, cor-

resp onding to the subsystems of language describ ed earlier (see Section 2.1.1).

F or example, on the lev el of morphology , there ha v e b een sev eral e�orts to

extract morphological information automatically from text corp ora. One suc h

metho d, namely the Morfessor family of algorithms (Creutz and Lagus, 2005a),

w as also used for pro viding the morphological information utilized in the ex-

scripts, and nor ha ving b een collected from Finnish-sp eaking c hildren lik e the data set used

in this Thesis.

10
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p erimen ts and data analyses p erformed in this Thesis (see Chapter 3 for more

information on Morfessor and other morphology extraction algorithms).

The researc h on the emergence of w ord categorizations and seman tics is

ev en more abundan t. One metho d whic h is claimed to �nd seman tic emergen t

represen tations is the L atent Semantic A nalysis (LSA) (Deerw ester et al., 1990),

whic h is a statistical tec hnique for extracting and represen ting the similarit y

of meaning of w ords and passages b y analysis of large b o dies of text. The idea

is to use singular v alue decomp osition to reduce a v ery large matrix of w ord-

b y-con text data in to a considerably smaller and more compact represen tation.

This resulting represen tation has b een sho wn to mimic closely the w a y h umans

judge meaning similarit y (Landauer and Dumais, 1997). As Landauer et al.

(1998) p oin t out, the similarit y estimates deriv ed b y LSA are not based on

simple frequencies or co-o ccurrences but they dep end on a deep er statistical

analysis � on the �Laten t Seman tics�, an instance of the emergence of linguistic

structure.

More recen tly , an algorithm called Indep endent Comp onent A nalysis (ICA)

(Hyv ärinen et al., 2001) has b een used for a similar task. ICA is a statisti-

cal and computational tec hnique for rev ealing hidden factors that underlie in

m ultiv ariate data. The v ariables in the data are assumed to b e linear mixtures

of some unkno wn laten t v ariables, and the mixing system is also unkno wn.

The aim of ICA is to to �nd these laten t v ariables, called the sources or the

indep enden t comp onen ts of the observ ed data. In a more linguistic con text,

ICA has b een applied b y Honk ela et al. (2005) on w ord con text data to extract

distinct features or categories that re�ect syn tactic and seman tic categories of

w ords.

In this Thesis, ho w ev er, y et another metho d w as adopted for the task

of w ord category emergence. Lik e LSA and ICA, also Self-Or ganizing Maps

(SOMs) (K ohonen, 2001) can b e used to construct a represen tation of the in-

put text data based on w ord con texts (Ritter and K ohonen, 1989). Apart from

generating represen tations that are conceptually in tuitiv e, SOMs also ha v e the

additional adv an tage of building an e�cien t visualization of the emergen t con-

textual relations of w ords. More information on SOMs can b e found in Chapter

3 of this Thesis.

Finally , emergence of structure has also b een researc hed at the lev el of

syn tax, and, o v erlapping with the �eld of researc h of language ev olution, ev en

from the p oin t of view of the emergence of an en tire language. This kind of

researc h t ypically in v olv es sim ulations with p opulations of individual learners,

often called agen ts. F or example, in the computational mo del of Kirb y (2000),

syn tactic rules are sho wn to emerge from unstructured data in a p opulation of

learners through observ ational learning, without natural selection of learners.

11
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The success in this kind of exp erimen ts with so cial and cultural approac hes

to language ev olution has b een tak en as an argumen t against the theories that

the h uman language abilities w ould b e genetically enco ded and that language

w ould ha v e emerged just as a resp onse to the pressures of natural selection.

Rather, as Smith et al. (2003a) argue, language should b e seen as a system

whic h arises from the in teraction of the three complex adaptiv e systems of

biological ev olution, learning and culture. The later mo del b y Kirb y (2001),

called the Iter ate d L e arning Mo del (ILM), has b een prop osed b y Smith et al.

(2003b) as a framew ork for new researc h on the cultural ev olution of language.

The sim ulation of language learning in agen t p opulations has also b een stud-

ied b y for example Honk ela and Win ter (2003) and later b y Lindh-Kn uutila

(2005), who use self-organizing maps to represen t an agen t's seman tic memory

or conceptual map.

2.3 Storycrafting metho d

The c hildren's stories corpus used and analyzed in this Thesis w as pro vided b y

a group of indep enden t researc hers called the Childr en ar e T el ling group. The

stories in the data set w ere collected b et w een 1994 and 2001 using a metho d

called Storycrafting (in Finnish, 'sadutus'). It is therefore �t to dev ote a section

to describing in more detail the bac kground and aims of this metho d.

The Storycrafting metho d is a Finnish in v en tion that promotes equal p os-

sibilities for the participan ts in a dialog (Riihelä, 1991). It w as dev elop ed

esp ecially for helping to transform the status of c hildren in the so ciet y; to lis-

ten to what the c hildren ha v e to sa y . The Storycrafting metho d turns the fo cus

to the p erson who tells the story � the c hild. Using the Storycrafting metho d,

c hildren can b e heard the w a y c hildren w an t to b e heard: the c hildren can

c ho ose the w ords, dra wings and acts they w an t to use to express themselv es

(Riihelä, 2001). Also, the c hildren ma y freely c ho ose the sub ject or topic of

their stories; adults are just to listen what they ha v e to sa y , on whic hev er topic

they c ho ose.

The idea of the Storycrafting metho d is simple. The adult, or the sto-

rycrafter, asks the c hild to tell a story , and sa ys that he or she will write it

do wn exactly as the c hild will tell it. When the story is �nished, the storycrafter

will read it aloud to the c hild, who can then mak e an y corrections or c hanges

to the story if he or she w an ts to.

It is imp ortan t to write the story do wn exactly as the c hild tells it, resisting

the urge to correct an y mistak es or slangy use of language b y the c hild. The

purp ose is to mak e it clear to the c hild that the adult is sp eci�cally in terested

in the c hild's o wn story; the aim is to inspire the c hild to tell ab out his or her
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o wn w orld and though ts (Riihelä, 2001). Con trary to the traditional relations

b et w een a caregiv er and a c hild or an educator and a c hild, in the Storycrafting

metho d it is the c hild who tak es the lead and the adult should just follo w b ehind

and do cumen t the pro cess. In accepting to write the story do wn exactly as he

or she hears it, the storycrafter also accepts to resp ect the w a y of self-expression

the c hild c ho oses to use, and not to c hange or add an ything to it in the pro cess

(Karlsson, 2000).

Also, it is imp ortan t to con v ey the feeling that the c hildren ha v e a cop yrigh t

to their o wn w ork and that it is not just b eing used for the purp oses of the

adult (Riihelä, 2001). The adult can of course ask the c hild to giv e him or her

a cop y of the story , but ab o v e all, the story should b elong to the c hild, to b e

his or hers to do as he or she pleases.

The Storycrafting metho d has b een used most extensiv ely in the Storyride

net w ork pro ject co-ordinated b y Finnish National Researc h and Dev elopmen t

Cen tre for W elfare and Health (Stak es). The pro ject started in 1995 on collab-

oration with 23 Finnish m unicipalities and professionals in so cial and health

care, parishes, individual da ycare cen tres and family da ycare units and other

institutions (Riihelä, 2001). In this net w ork, the metho d for Storycrafting w as

further re�ned, and the construction of a c hildren's o wn net w ork of stories w as

b egun. The pro ject con tin ues ev en to da y in collab oration with univ ersities, col-

leges, da ycare cen ters and cultural organizations in the Nordic coun tries, and

it has receiv ed supp ort from the Nordic Council of Ministers. F urther informa-

tion and a quan titativ e and qualitativ e ev aluation of the Storyride pro ject can

b e found in for example Karlsson (1999) and Karlsson (2000).

One purp ose of the Storyride pro ject has also b een to create an o wn net w ork

of direct con tacts b et w een c hildren. In the pro ject, the stories told b y a c hild

or a group of c hildren will b e sen t to another group of c hildren in a di�eren t

da ycare cen ter, sc ho ol, orphanage etc., either in their o wn coun try or abroad.

There, the story or stories will b e read to a new audience, and in resp onse,

the listeners will tell their o wn stories based on their reactions to the receiv ed

story . These new stories are then sen t bac k to the original group, forming a

kind of a story circle b et w een the groups. Lik e this, the c hildren are giv en the

opp ortunit y to pro duce their o wn culture, whic h is do cumen ted and published

along the w a y (Riihelä, 2001). The c hildren also get an opp ortunit y to hear

ab out other c hildren's though ts from di�eren t parts of their o wn coun try and

from abroad.

The applications of the Storycrafting metho d are man y . It can b e used with

one p erson or with groups, at home or at sc ho ol, da ycare cen ter or some other

institution, in paren tal advice, in sp ecial education, in so cial w ork or ev en in

adult education. It can b e used as an in terview metho d, or as a therap eu-
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tic metho d e.g. for c hildren who ha v e exp erienced some kind of a traumatic

ev en t. It can b e used to handle man y problems, lik e sp eec h disabilities, insult-

ing treatmen t, ph ysical and psyc hic illness, or simply to impro v e co-op eration

b et w een adults and c hildren or to c hange w orking practices to w ards some more

clien t-cen tered habits. (Riihelä, 2001)

F urther, the stories collected b y using the Storycrafting metho d could also

b e of great help for researc h concerning the language of c hildren, forming a

v aluable text corpus of the actual use of language of y ounger and older c hil-

dren. P articularly , stories from c hildren of man y di�eren t ages could help to

understand ho w the h uman language skills dev elop throughout the c hildho o d.

In this Thesis, it is indeed from these p oin ts of view of (so cio)linguistics and

language dev elopmen t that the c hildren's stories corpus pro vided b y the Chil-

dren are T elling group will b e analyzed.
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Chapter 3

Metho ds

In this Chapter, the metho dology used in this Thesis is examined in more

detail. First, the Morfessor family of algorithms for unsup ervised extraction

of morphological information from text corp ora is in tro duced, and some other

w ork on unsup ervised induction of the morphology of a language is also brie�y

describ ed. Then, the principles of the main metho d used in this Thesis, namely

the Self-Organizing Map (SOM), are presen ted. Also, some applications of

SOMs in natural language pro cessing are view ed. Finally , the pro cedures for

constructing a w ord SOM are explained, for b oth the traditional w ord SOMs

with whole con text w ords as features as w ell as for the morph-featured w ord

SOMs whic h are the main inno v ation of this w ork.

3.1 Morfessor

Morfessor

1

(Creutz and Lagus, 2005a) is an unsup ervised data-driv en algo-

rithm for inducing the morphology of a language. Inducing refers here to the

emergence of morphological information from the text data itself, and b y un-

sup ervised it is mean t that the algorithm is pro vided with no or v ery little

morphological or other linguistic kno wledge related to the task.

The aim of Morfessor is to segmen t w ords of an unlab eled text corpus in to

morphemes or morpheme-lik e units, and also to b e applicable esp ecially to

highly in�ecting, morphologically ric h languages lik e Finnish. Also, the Mor-

fessor morphology extraction metho d not only seeks to �nd the most accurate

segmen tation p ossible, but it also learns a represen tation of the language from

the data it w as applied to, namely an in v en tory of the morphs of the language.

The output of Morfessor is a lexicon of the w ords from the corpus, segmen ted

at prop osed morpheme b oundaries in to morpheme-lik e units called morphs.

1

The Morfessor family of algorithms w as �rst named Morfessor in (Creutz and Lagus,

2005b). The soft w are is a v ailable at http://www.cis.hu t. fi /pr oj ect s/ mo rph o/ .
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Since Morfessor do es not, at least for the time b eing, recognize allomorphic

v ariation, the units pro duced b y its segmen tation cannot really b e called mor-

phemes, but rather they should b e regarded as something closer to morphs

2

.

Ho w ev er, the morph lists pro duced b y Morfessor are not necessarily ev en mean t

to b e linguistically correct. When utilized the w a y describ ed in this Thesis, for

example � as input to another unsup ervised learning algorithm, namely the

self-organizing map � the question whether the morphs extracted b y Morfessor

actually strictly corresp ond to linguistically accepted Finnish morphs seems

less imp ortan t.

Morfessor has b een tested on Finnish and English text corp ora, with go o d

results (Creutz and Lagus, 2004). Compared with other unsup ervised morphol-

ogy extraction to ols, Morfessor seems to ha v e a go o d p erformance on corp ora

b oth in the morphologically ric h Finnish and in the less in�ecting English lan-

guage. The morphological analysis pro duced b y Morfessor has b een applied to

sp eec h recognition (Siiv ola et al., 2003; Hacioglu et al., 2003) and to impro v-

ing language mo dels (Virpio ja, 2005). In the future, the tasks of for example

mac hine translation and information retriev al could conceiv ably b ene�t from

using automatically extracted morphological information. In fact, the recen t

Master's Thesis b y Ville T urunen (2005) studies the use of Morfessor-extracted

morphs in sp ok en do cumen t retriev al.

In this Thesis, the Morfessor algorithm is applied to the c hildren's sto-

ries corpus in order to pro duce a morphological segmen tation of the w ords in

the data, whic h is then used in calculating the feature v ectors for the morph-

featured self-organizing maps presen ted in this w ork. An emergen tist approac h

to acquiring a morphological analysis of the data w as adopted b ecause the

collo quial, non-orthographical nature of the language in the c hildren's stories

corpus w ould ha v e seriously c hallenged the capabilities of an y non-statistical

morphological analyzer for Finnish. An example excerpt from a Morfessor out-

put morph lexicon, obtained b y morphologically analyzing the c hildren's stories

corpus, can b e found in �gure 3.1. In the example, the n um b ers on the left

refer to the frequency of the w ord form in the corpus, and eac h morph has b een

lab eled as b eing either a ro ot (STM), a pre�x (PRE) or a su�x (SUF).

3.1.1 The algorithm

Morfessor is actually more lik e a family of algorithms than one sp eci�c metho d.

The three curren t v arian ts of the Morfessor approac h to morphology induction

are called, retroactiv ely , Baseline, Categories-ML and Categories-MAP . The

2

See Section 2.1.1 for a further terminological clari�cation concerning morphs and mor-

phemes.

16



CHAPTER 3. METHODS

3 äiti/PRE + pupu/STM

1 äiti/PRE + roisto/STM

1 äiti/PRE + roisto/STM + a/SUF

1 äiti/STM + s/SUF

2 äiti/STM + si/SUF

3 äiti/STM + stä/SUF

1 äiti/PRE + sud/STM + e/SUF + lle/SUF

3 äiti/PRE + susi/STM

1 äiti/STM + t/SUF

3 äiti/PRE + tonttu/STM

1 äiti/PRE + vala/STM + s/SUF

51 aivan/STM

9 aivast/STM + i/SUF

2 aivast/STM + i/SUF + vat/SUF

1 aivast/STM + uksen/SUF

2 aivo/STM + kääpiö/STM

5 aivo/STM + t/SUF

1 aja/STM

36 aja/STM + a/SUF

4 aja/STM + an/SUF

1 aja/STM + i/SUF

2 aja/STM + ja/SUF

1 aja/STM + ja/SUF + lle/SUF

1 aja/STM + ja/SUF + n/SUF

1 aja/STM + ja/SUF + t/SUF

2 aja/STM + ksi/SUF

1 ajamaa/STM

40 aja/STM + maan/SUF

1 ajamisen/STM

34 aja/STM + n/SUF

Figure 3.1: An excerpt from a list of morphologically segmen ted w ord forms, extracted

from the c hildren's stories corpus. The n um b ers on the left denote the frequency of

the w ord form in the corpus, and eac h morph has b een lab eled as either a ro ot

(STM), a pre�x (PRE) or a su�x (SUF). This segmen tation w as obtained b y using

the Categories-ML v arian t of Morfessor.
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Baseline metho d (Creutz and Lagus, 2002) utilizes the minim um description

length (MDL) principle, i.e. it is based on minimizing the sum of the length

of the mo del and the length of the data as measured using the mo del. The

Baseline algorithm uses an incremen tal online learning approac h to learning

a morph lexicon of the data, analyzing eac h example w ord according to the

mo del that had b een built up so far.

The Categories-ML v arian t of Morfessor (Creutz and Lagus, 2004) uses sim-

ply a maxim um lik eliho o d (ML) estimation of the data, instead of measuring

the minim um description length of the mo del. It also uses batc h learning, a

t yp e of learning where, alternatingly , all the w ords in the data are �rst split

according to a �xed mo del, and then the mo del is up dated. The Categories-

MAP (Creutz and Lagus, 2005a) mo del is similar to the Categories-ML mo del,

but it uses maxim um a p osteriori (MAP) estimates of the parameters instead

of ML estimates, and it is computationally slo w er. The Categories-MAP mo del

also has a hierarc hical morph lexicon, and it utilizes corpus frequency to de-

cide when not to split a segmen t. In this Thesis, the metho d for pro viding

the morphological analysis required for the exp erimen ts w as c hosen to b e the

Categories-ML mo del, since this Morfessor v arian t had the b est p erformance

of the three on the c hildren's stories corpus (see Section 4.4). Consequen tly ,

only the Categories-ML mo del will b e describ ed in more detail here. The pre-

sen tation follo ws the article of Creutz and Lagus (2004).

Unlik e the Baseline metho d, the Categories-ML mo del also lab els the morphs

it segmen ts, assigning them to the morph category of either ro ots

3

(STM),

pre�xes (PRE) or su�xes (SUF). The Categories-ML v arian t uses a Hidden

Mark o v Mo del (HMM) to mo del morph sequences. These morph sequences are

allo w ed to b e quite long, making the algorithm esp ecially applicable to highly

in�ecting languages lik e Finnish. In this task of learning the morphology from

text data, neither the segmen ts (morphs), nor their lab els (morph categories)

are kno wn in adv ance.

In order to facilitate the task, some linguistic assumptions are made. First,

as explained in the previous paragraph, morphs are assumed to fall in to the

t w o main categories of ro ots and a�xes as far as sequen tial b eha viour is con-

cerned. Ho w ev er, ro ots and a�xes are not allo w ed to b e com bined in to just

an y sequence of morphs, but there should b e some restrictions on the form of

a legal morph sequence in order to prev en t some sequences, lik e w ords starting

with a su�x, from emerging. These restrictions, called morphotactic rules, can

3

It should b e noted that in the original Morfessor pap ers, the w ord stem is used instead

of r o ot when referring to the p ortion of a w ord that has b een stripp ed of all a�xes (see

Section 2.1.1 for a further terminological clari�cation). F or this reason, the lab el attributed

b y Morfessor to ro ot morphs is called �STM�.
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b e summarized as the regular expression:

word = ( prefix* root suffix* )+ (3.1)

Finally , eac h category of morphs is assumed to b e asso ciated with some set

of lik ely prop erties. F or example, a�xes are lik ely to o ccur together with

man y di�eren t morphs and more commonly than ro ots, and ro ots are probably

morphs that are not v ery short.

F or the sequences of morph categories o ccurring in a w ord, a �rst-order

Mark o v c hain (a bigram mo del) is assumed. F or eac h category , there is a

separate probabilit y distribution o v er the set of p ossible morphs. Th us, the

probabilit y of a particular segmen tation of the w ord w in to the morph sequence

� 1; � 2:::� k is

p(� 1; � 2:::� k jw) =

"
kY

i =1

p(Ci jCi � 1) � p(� i jCi )

#

� p(Ck+1 jCk) : (3.2)

In the equation, p(Ci jCi � 1) denotes a bigram mo del on categories, determining

for example ho w lik ely it is that a pre�x should follo w another pre�x. p(� i jCi )
is the probabilit y that the category Ci should generate the morph � i , and

p(Ck+1 jCk) is the probabilit y that a w ord ends with a morph of category Ck .

The actual Categories-ML algorithm pro ceeds as follo ws:

1. Pro duce a baseline segmen tation. The Baseline v arian t of Morfessor

is used to obtain a go o d initial morph segmen tation of the data.

2. Initialize p(� i jCi ) and p(Ci jCi � 1) , and do EM. The probabilit y p(� i jCi )
for eac h giv en morph to b e in a particular category is calculated using

the left/righ t p erplexit y of the morph for a�xes and the length of the

ro ot for ro ots. Righ t (or left) p erplexit y of a morph refers to a measure

of the di�cult y of predicting the morph that follo ws (or precedes) this

particular morph. In order to help the optimization of the three proba-

bilities for ro ot/su�x/pre�x-lik eness, a fourth category of noise morphs

is in tro duced.

3. Remo v e redundan t morphs, and do EM. If there are morphs whic h

can b e split in to submorphs that already exist, then they should b e split.

If there are m ultiple c hoices, the most lik ely one is c hosen.

4. Remo v e noise morphs, and do EM. Noise morphs are usually short,

and a result of o v er-segmen tation. They are remo v ed b y merging them

with adjacen t morphs, according to some joining preference heuristics.
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A t the end of eac h step from 2 to 4, the probabilities of the mo del are re-

estimated b y using Exp ectation Maximization (EM). That is, the categories of

all morphs are re-tagged using the Viterbi algorithm b y maximizing the equa-

tion 3.2. The probabilities p(� i jCi ) and p(Ci jCi � 1) are then re-estimated from

the tagged data, and this pro cess is rep eated un til the probabilities con v erge.

Basically , the EM mak es things that ha v e b een observ ed frequen tly more lik ely ,

and things that ha v e b een observ ed infrequen tly less lik ely . After the �nal re-

estimation of morph categories in step 4, all the w ords in the data are �nally

re-segmen ted using the new est mo del probabilities.

3.1.2 Other unsup ervised metho ds for morphology induc-

tion

The metho d adopted in this Thesis for automatically extracting morphological

information from the c hildren's stories corpus b elongs to the Morfessor family

(the Categories-ML v arian t of Morfessor). Ho w ev er, there are also some other

unsup ervised metho ds whic h could ha v e b een applied to a similar task.

The w ork of Harris (1955) ma y b e regarded as a basic approac h to unsu-

p ervised induction of morphology . He prop oses the use of so-called successor

frequencies, stored in a trie structure, to �nd w ord and morpheme b oundaries

in phoneme utterances. The idea is that a w ord or a morpheme b oundary is

suggested at lo cations where the predictabilit y of the next letter in a letter

sequence is lo w � that is, where there is a p eak in the successor coun t. Inside

a w ord unit, the c hoices of successors are more limited, but at the b oundaries

of t w o units, the c hoice is t ypically m uc h less restricted.

The approac h is quite simplistic and ob viously has its limitations, but some

of them ha v e b een solv ed b y Harris himself or b y for example Hafer and W eiss

(1974). They extend the w ork of Harris b y prop osing four di�eren t basic strate-

gies for segmen tation: segmen ting according to a cuto� v alue for successor

coun t, according to the p eak and plateau strategy of the original w ork of Har-

ris, according to a strategy fa v oring matc hes to complete corpus w ords, or

according to a cuto� v alue of the successor en trop y . They apply the output of

their system to an information retriev al task.

Harris' system has ev en inspired some more recen t metho ds for morphology

extraction. Déjean (1998) presen ts a metho d where segmen tation o ccurs when

the successor coun t is greater than a threshold, set to b e half of the n um b er

of letters in the alphab et of the language. Also, Goldsmith (2001) uses the

successor and predecessor coun ts presen ted in Hafer and W eiss (1974) in his

system, called Linguistica. He assumes that ro ots form groups that he calls

signatures, and that eac h signature shares a set of p ossible a�xes.

20



CHAPTER 3. METHODS

Sc hone and Jurafsky (2000) adopt a di�eren t kind of an approac h to the

problem of unsup ervised morphology induction. They consider also the se-

man tic con ten t of w ords (in the form of w ord con texts) in determining the

�morphologically relatedness� of w ord pairs sharing a set of h yp othesized can-

didate a�xes whic h ma y b e morphological v arian ts. Also Sc hone and Jurafsky

use trie structures in iden tifying their candidate a�xes. In their system, the

seman tic represen tations of terms, needed for comparing the seman tical sim-

ilarit y of their con texts, are obtained using singular v alue decomp osition, a

matrix factorization metho d used in Laten t Seman tic Analysis. Sc hone and

Jurafsky (2001) extend the previous w ork b y for example adding supp ort for

circum�xation and for frequency similarit y features, and b y using transitivit y

to help �nd morphological v arian ts otherwise unrecognized.

Y aro wsky and Wicen to wski (2000) and Wicen to wski (2002) also use con-

text similarit y in determining morphological v arian ts. Their system, whic h

they call �minimally sup ervised�, com bines a few di�eren t unsup ervised mo dels

to predict in�ection�ro ot alignmen ts from an unlab eled corpus. The alignmen ts

are used to train a probabilistic string transduction mo del, whose output, in

turn, is used to further re�ne the parameters of the unsup ervised mo dels. This

pro cess is iterated un til the output con v erges. The unsup ervised alignmen t

mo dels are based on for example the similarit y b et w een in�ected forms and

their citation form, the con text similarit y of morphological v arian ts, or the dis-

tributional similarit y exhibited b y morphological v arian ts. When using only an

unannotated text corpus, the algorithm is unsup ervised, but to impro v e its p er-

formance, Y aro wsky and Wicen to wski presen t w a ys of pro viding the algorithm

with optional resources, th us increasing its lev el of sup ervision.

3.2 Self-Organizing Map

The Self-Organizing Map (SOM) is an arti�cial neural net w ork algorithm de-

v elop ed b y T euv o K ohonen (1982). One of the main assets of the mo del is its

abilit y to e�cien tly visualize data sets as t w o-dimensional, usually hexagonal

map grids on to whic h the input data samples are pro jected. The samples, as

w ell as the units on the map grid, are represen ted as fe atur e ve ctors whic h

consist of v alues for the features c hosen to represen t the data set. The relativ e

distances of the samples on the resulting map re�ect their similarit y according

to the c hosen feature set, so that samples that ha v e v ery similar v alues for the

features will end up close to eac h other on the grid.

Being an unsup ervised learning algorithm, SOM requires no teac her to de-

�ne the correct output for a giv en input. This naturally mak es it highly appli-

cable to an y set of data that hasn't b een examined and classi�ed b eforehand,
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for example unannotated text data. Also, since the categorization of the input

samples emerges from the data set itself, SOM can also b e used in the purp ose

of �nding categorizations t ypical for a particular set of data.

3.2.1 The algorithm

The map grid of a SOM consists of cells or no des, eac h of whic h corresp onds

to a protot yp e v ector ha ving the same dimensions as the input sample v ectors.

Protot yp e v ectors are denoted here b y mi , where i corresp onds to the index

of the protot yp e. Initially , these protot yp e v ectors will ha v e b een initialized

according to some metho d, usually random or linear initialization. During the

training pro cess of the SOM, sample v ectors (denoted b y x j ) are compared to

the protot yp e v ectors, and the Best Matc hing Unit (BMU) on the map grid

is c hosen for the sample v ector. More precisely , the winning protot yp e v ector,

denoted b y index c, is determined b y the form ula

c(x j ) = arg min
i

d(x j ; mi ) ; (3.3)

where d(x j ; mi ) denotes the distance b et w een the sample v ector x j and the

map unit protot yp e v ector mi . The distance b et w een the v ectors is calculated

using some distance metric, t ypically the Euclidean distance, and the protot yp e

v ector whic h has the smallest distance to the sample v ector at hand will b e

c hosen as its BMU. This kind of learning pro cess is called c omp etitive le arning ,

as the protot yp e v ectors comp ete against eac h other o v er the sample.

Ha ving found the BMU for the sample, the algorithm will adapt the BMU's

v ector and also the v ectors of its neigh b oring map no des so that they will

b ecome sligh tly more lik e the sample under consideration. The amoun t of

adaptation of the neigh b oring no de protot yp e v ectors dep ends on their distance

from the BMU; the closest neigh b ors are adapted more than those further

a w a y on the map. The idea is that in the early phases of the training pro cess,

the amoun t of adaptation will b e larger, and it will a�ect a larger n um b er

of neigh b oring map no des. This will serv e to p erform a rough, global initial

ordering of the map. But as the learning pro cess con tin ues, the amoun t of the

adaptation and the size of the neigh b orho o d a�ected will decrease, sub jecting

the map to �ner, more lo cal ordering.

Stated in a more explicit manner, the protot yp e v ectors are adapted ac-

cording to the function

mi (t + 1) = mi (t) + hc(x);i (t) (x(t) � mi (t)) ; (3.4)

where mi denotes the i th map unit, x(t) the input sample v ector and t the

discrete time co ordinate, and hc(x);i (t) is the neigh b orho o d function whic h de-

termines the size of the neigh b orho o d. The t ypical neigh b orho o d function used
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is the Gaussian function

hc(x);i = � (t) exp

 

�
kr i � r ck2

2� 2(t)

!

; (3.5)

where 0 < � (t) < 1 is the learning-rate factor and � 2(t) the radius of the

neigh b orho o d a�ected. Both the learning-rate factor and the neigh b orho o d

radius con tin ue to decrease during the learning pro cess. The v ariables r c and

r i corresp ond to the lo cations of the protot yp e v ectors on the grid.

Finally , a SOM can b e trained with t w o di�eren t t yp es of training algo-

rithms. The training pro cedures describ ed ab o v e follo w the usual se quential

tr aining algorithm, in whic h sample v ectors are fed to the algorithm one b y

one and the protot yp e v ectors of the map are adapted after eac h input. This

sequen tial training pro cess is t ypically iterated thousands or tens of thousands

of times, and eac h sample of the data set ma y b e utilized h undreds of times

during the pro cess.

In this Thesis, ho w ev er, another approac h to training a SOM w as adopted,

namely the b atch tr aining algorithm. In batc h training, the whole data set is

presen ted to the map b efore an y adaptation of protot yp e v ectors. Eac h training

step consists of calculating the BMUs for ev ery sample in the en tire data set

and adapting the protot yp e v ectors of the map according to the samples. In

batc h training, the v ector adaptation is determined b y the form ula

mi (t + 1) =
P n

j =1 hc(x);i (t)x j
P n

j =1 hc(x);i (t)
: (3.6)

This training step is iterated un til con v ergence or for a su�cien tly long time,

eac h time �nding the BMUs for all the training samples in the data set and

adapting their v ectors and neigh b oring v ectors. Batc h training has the ad-

v an tage of b eing signi�can tly faster than the sequen tial training algorithm,

esp ecially when using Ma tlab functions.

Visualization and analysis of a SOM

The e�ciency of SOMs in visualizing data sets o w es m uc h to the man y visual-

ization metho ds dev elop ed for them. These visualization metho ds are usually

based on dra wing an image of the map grid of the SOM and then presen ting

some t yp e of information in the no des of the grid. F or example, if the amoun t

of features c hosen to represen t the data set is small (the feature and protot yp e

v ectors are short), one migh t w an t to see a map grid where eac h no de con tains

the protot yp e v ector asso ciated with it.

Ho w ev er, when the set of data gets larger, the feature set for represen ting

the data samples also b ecomes larger. T ypically , the feature v ector for a sample
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ma y con tain v alues for h undreds of di�eren t features, in whic h case visualizing

the resulting SOM b y presen ting the protot yp e v ectors in eac h no de isn't really

m uc h use for an ything.

One of the most commonly used visualization metho ds for a SOM is the

U-matrix (Ultsc h, 1993), whic h detects top ological relations among no des and

infers ab out the structure of the input data. The U-matrix algorithm generates

a matrix in whic h eac h v alue is a kind of a distance no de, a distance measure

b et w een t w o adjacen t map no des. F or eac h map no de, a distance v alue consist-

ing of the a v erage on the distances to all its neigh b oring no des is calculated.

These v alues are used to dra w a displa y in whic h map no des and distance no des

alternate, and eac h no de is coloured according to its v alue (see �gure 3.2).

Di�eren t colour scales can b e used to colour the no des, but they all ha v e in

common the purp ose of distinguishing no des with high v alues from no des with

lo w v alues. The c hosen colour scale is usually pro vided on the side of the U-

matrix. In the example U-matrix in �gure 3.2, the colour scale passes from blue

to red, with blue marking no des with lo w v alues and red represen ting no des

with high v alues. The regions of lo w-v alued no des on the U-matrix can b e

considered clusters, groupings of similar no des. On the other hand, the regions

of high-v alued no des, usually emerging in b et w een the clusters, are regarded

as fron tiers whic h separate the clusters from eac h other. Th us, the U-matrix

displa y sho ws lo w v alues inside a cluster, and high v alues in the areas b et w een

the clusters.

Another useful to ol for visualizing the data in a SOM are the comp onen t

plane represen tations (K ohonen, 2001) of its features. Eac h comp onen t plane

sho ws the v alues of a particular feature throughout the map grid. The comp o-

nen t plane images are esp ecially useful in examining the b eha viour of the data

in corresp ondence to an individual feature from the feature set, and they ma y

also b e used as a to ol for ev aluating the e�ciency and the con tribution to the

SOM of eac h one of the c hosen features. Comp onen t planes also help detect

emerging patterns of data distribution on the SOM grid (K ohonen, 2001) and

correlations b et w een the features.

A comp onen t plane represen tation for a feature is obtained b y colouring

eac h map no de according to the v alue of the feature in that no de. As with

U-matrices, the colour scale ma y v ary , but the adopted colour scale is usually

pro vided together with the comp onen t plane image. Figure 3.2 sho ws the com-

p onen t plane images for the three features, named X, Y and Z, that w ere used

to train the example SOM, also displa y ed as a U-matrix in the �gure. As can

b e seen from the �gure, the data samples that had for example high v alues in

feature X w ere mapp ed to the upp er half of the SOM and esp ecially to the

no des in its left upp er corner, whereas samples mapp ed to the lo w er half of the

24



CHAPTER 3. METHODS

0.367

1.14

1.91
U-matrix

d 
-0.923

2.4

5.72
X

d 
-4.24

-0.153

3.93
Y

d 
-0.812

2.42

5.65

SOM 08-Nov-2005

Z

Figure 3.2: A U-matrix represen tation for a 12 � 9 hexagonal SOM with �v e clusters,

and comp onen t plane represen tations for the features of the SOM, called X, Y and

Z.

SOM seem to ha v e in common a lo w v alue for feature X. The samples mapp ed

to the left upp er corner also seem to ha v e relativ ely high v alues for feature

Y, but lo w v alues for feature Z. This kind of analysis will help to determine

what t yp e of data w as mapp ed to eac h region on the map, and what w as the

con tribution of eac h individual feature in training the SOM.

3.2.2 Related w ork on SOMs in natural language pro cess-

ing

The �rst application area of self-organizing maps in natural language pro cessing

w as sp eec h recognition, or, more accurately , sp eec h-to-text transformation (K o-

honen et al., 1984; K ohonen, 1988). Ho w ev er, most of the SOM w ork relev an t to

natural language pro cessing has b een in the area of w ord category maps and in

p erforming automatic statistical lexical analysis based on the SOM. The basic

metho d for training w ord maps w as describ ed b y Ritter and K ohonen (1989).

In a w ord SOM, the w ord con texts ha v e b een reduced to a t w o-dimensional grid

represen tation, in whic h the relativ e distances of data w ords on the map re�ect

the actual seman tic relationships of the w ords in the input text (Ritter and

25



CHAPTER 3. METHODS

K ohonen, 1989). W ords that are seman tically or conceptually similar (w ords

that ha v e similar con texts in the data) will app ear close to eac h other on the

resulting w ord SOM, forming clusters of w ords. These areas or regions on a

w ord SOM can b e considered implicit categories that ha v e emerged during the

learning pro cess (Honk ela et al., 1995).

Honk ela et al. (1995) ha v e applied the SOM to analyzing con textual rela-

tions of w ords in Grimm tales. Miikkulainen (1990, 1993, 1997) has extensiv ely

researc hed the use of SOM in creating a mo del of story comprehension and in

p erforming conceptual analysis of w ords. Miikkulainen (1997) has also pre-

sen ted a mo del of aphasia (the loss of abilit y to use and understand language

due to brain injury or disease) based on the SOM. One adv an tage of the w ord

categorizations emerging from a SOM is that they can b e considered �soft�;

w ords on a SOM are not categorized strictly as b eing just something or the

other, but rather w ords are view ed as resem bling eac h other to a certain de-

gree, whic h can b e either more or less.

W ord category SOMs ha v e also b een applied to the Finnish language b y

Lagus et al. (2002). They organize the 600 most frequen t Finnish v erbs in a

newspap er text corpus of 13.6 million w ord forms using their con texts in the

text. In their exp erimen ts, v erb categorizations b y w ord SOMs with di�eren t

kinds of features are compared to an existing seman tic classi�cation of Finnish

v erbs. The fact that mak es this w ork particularly imp ortan t from the p oin t of

view of this Thesis is that in one of their exp erimen ts, they use morphosyn-

tactic features, obtained b y a sup ervised parser for Finnish, as the features of

a w ord SOM. In this Thesis a similar exp erimen t is conducted, but this time

with Morfessor-extracted unsup ervised morphological information as features.

Another di�erence is that here the w ord forms b eing categorized are not limited

to just v erbs, and the data set is also of a di�eren t t yp e.

SOMs ha v e also b een applied the problem of w ord sense disam biguation

(WSD). F or example, Pulkki (1995) has presen ted a metho d for mo deling am-

biguit y with SOMs. Sc holtes (1992) as w ell as Gallan t (1991) ha v e also used

neural net w ork -based approac hes to resolving am biguit y , and Ma yb erry and

Miikkulainen (1994) presen t a mo del for lexical disam biguation in whic h a re-

curren t net w ork parser com bines one w ord at a time the frequency calculations

of the con texts of am biguous w ords, pro ducing as output the most lik ely in ter-

pretation of the curren t sen tence.

Another application area of SOMs in natural language pro cessing has b een

the exploration and data mining of text do cumen ts. In the WEBSOM metho d

(Honk ela et al., 1997; K ohonen et al., 2000; Lagus et al., 2004), do cumen ts

are arranged on to a t w o-dimensional grid based on their lev els of similarities.

WEBSOM can th us organize miscellaneous text do cumen ts in to meaningful
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collections of text for exploration and searc h. Once one in teresting do cumen t is

found, other related do cumen ts, mapp ed close to the �rst one on the do cumen t

map, are found as w ell. The WEBSOM do cumen t exploration to ol has b een

applied to for example organizing a massiv e do cumen t collection of 7 million

paten t abstracts in Finnish (K ohonen et al., 2000).

W ord SOMs

In this Thesis, the fo cus is on w ord category SOMs. Consequen tly , a subsection

is dev oted to in tro ducing them in a more detailed manner. The general idea

of w ord SOMs is to ha v e implicit w ord categorizations emerge from the input

data. The w ord SOMs are trained on sample w ord forms from the text corpus,

and these same w ord forms are usually pro jected on the resulting w ord SOMs.

The c hoice of the set of training w ords is usually based on w ord form fre-

quencies; for example, the 200 or 400 most frequen t w ord forms in the data set

migh t b e c hosen for training the SOM. This is due to the fact that with more

infrequen t w ord forms, there migh t not b e enough o ccurrences of the w ord to

yield reliable calculations based on its di�eren t con texts in the corpus.

When the set of training w ords has b een c hosen, the next step is to decide

on the means of represen ting the w ords. In the approac h adopted in this

Thesis, the represen tation of a w ord is based on its con textual information in

the text. More precisely , the represen tation or the feature v ector of the w ord

form consists of information on the o ccurrences of so-called feature elemen ts

in its con text. In traditional w ord SOMs, the feature elemen ts used ha v e b een

whole con text w ords. These feature w ords, to o, are usually c hosen according

to the list of the most frequen t w ord forms in the data. Infrequen t w ord forms

w ould probably mak e bad features due to their small n um b er of o ccurrences in

the corpus; the v alues for suc h features w ould b e unreliable.

Next, the length of the w ord con text, called con text windo w, should b e

settled. The length of the con text windo w determines the n um b er of con text

w ords whic h will b e tak en in to consideration when coun ting the o ccurrences

of feature w ords in the con text, and calculating the feature v ectors based on

these o ccurrences. T ypically , the con text windo w consists of 1�3 w ords b efore

and after the w ord form under examination, but it can also b e m uc h larger,

encompassing ev en h undreds of w ords.

With the sets of training w ords and represen tativ e features ready and the

con text windo w decided, the feature v ectors for eac h training w ord ma y b e

calculated. An illustration of the pro cess of calculating a feature v ector can b e

found in �gure 3.3. As can b e seen from the �gure, for eac h o ccurrence of a

particular training w ord (in this case, the w ord form �lapset�), the w ord form

and its left and righ t con texts are extracted from the data, and the con text is
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searc hed for feature w ords. The binary represen tation of this w ord o ccurrence

will con tain a �1� for eac h feature w ord that w as found its con text, and a �0� for

all the other feature w ords. When all the o ccurrences of the training w ord in the

corpus ha v e b een pro cessed in this manner, a feature v ector for the w ord form

under examination is calculated as the a v erage o v er the binary represen tations

of all its individual o ccurrences. The calculation of a feature v ector x j for the

j th training w ord can b e summarized as the form ula

x j =
P N j

i x i
j

N j
; (3.7)

where x i
j is the binary represen tation of the i th individual w ord o ccurrence and

N j denotes the n um b er of times the w ord o ccurred in the data. The resulting

feature v ector is the �nal represen tation of the training w ord.

The length of the feature v ector represen ting eac h training w ord dep ends

on the length of the con text windo w. F or example, with a con text windo w of

a length of one w ord in to b oth directions, and with a feature set of 100 w ord

forms, the length of the feature v ector for a training w ord w ould b e 200 (eac h

of the 100 feature w ords b oth in the left and the righ t con text p osition of the

w ord). Simpli�ed examples of binary represen tations and a feature v ector for

the w ord form �lapset� can b e found in �gure 3.3. Since the con text length in

this example is 1 and there are only 6 feature w ords, the binary represen tations

of individual o ccurrences of �lapset� as w ell as the �nal feature v ector for the

w ord form ha v e a length of 12 comp onen ts.

When the feature v ectors for eac h training w ord ha v e b een calculated, the

training of the SOM ma y b egin. The training pro ceeds as describ ed in Section

3.2.1, and when the w ord map is ready , it can b e visualized with a U-matrix

and comp onen t plane images. In order to b e able to analyze the distribution

of the training w ords on the map, the training w ords are usually also pro jected

on the U-matrix represen tation to the no des they w ere mapp ed to during the

training. This is called lab eling the map with w ords.

T raditional w ord category SOMs with whole con text w ords as features, as

describ ed ab o v e, are used as a basis for comparison in this Thesis. Ho w ev er,

the main inno v ation of this w ork are w ord SOMs whic h utilize as features

morphological information obtained b y an unsup ervised morphology induction

metho d. The construction of suc h morph-featured w ord SOMs will b e describ ed

in more detail in the follo wing Section.

3.2.3 Constructing w ord SOMs with morph features

In the case of w ord SOMs with morphs as features instead of whole con text

w ords, the main task still remains the same. The aim still is to pro duce w ord
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Left con text Righ t con text
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sillon lapset ottiv at 0 0 0 0 0 0 0 0 0 0 0 0

k oh ta lapset näkiv ät 0 1 0 0 0 0 0 0 0 0 0 0

sitte lapset meni 0 0 0 0 0 0 0 0 0 0 0 0

pian lapset läh tiv ät 0 0 0 0 0 0 0 0 0 1 0 0

m utta lapset läh tiv ätkin 0 0 1 0 0 0 0 0 0 0 1 0

lapset 0 0.2 0.2 0 0 0 0 0 0 0.2 0.2 0

Figure 3.3: An illustration of the pro cess of calculating a feature v ector when features

are whole con text w ords. The training w ord whose o ccurrences are under examination

is �lapset� ('c hildren' in English). Notice that the con text w ord �sillon� and the

feature w ord �silloin� do not matc h, pro ducing a 0 in the binary represen tation of

this o ccurrence of the w ord �lapset�. This is also the case for the con text w ord �meni�

and the feature w ord �meniv ät�. These con text w ords are an instance of a somewhat

slangy use of language, whic h is quite abundan t in the c hildren's stories corpus. The

v ector at the b ottom of the �gure represen ts the �nal feature v ector for the w ord form

�lapset�, calculated as an a v erage o v er the binary represen tations of the individual

o ccurrences of the w ord form in this tin y exemplary data set.

SOMs, i.e. SOMs that organize w ord forms based on their con textual informa-

tion in a text corpus. The set of training w ords, i.e. the w ords that are to b e

organized and the con texts of whic h will b e analyzed, is c hosen based on the

w ord form frequency list just lik e in the previous Section. In the w ord SOM

exp erimen ts p erformed in this Thesis, the set of training w ords usually consists

of the 200 most frequen t w ord forms in the c hildren's stories corpus.

The set of features for represen ting the training w ords is what mak es the

morph-featured w ord SOMs di�eren t from traditional ones. In the w ord SOMs

describ ed in the previous Section, the w ords o ccurring in the con text of a

training w ord w ere matc hed against feature w ords as suc h, but no w the con text

w ords ha v e b een morphologically analyzed b y the Morfessor to ol and segmen ted

in to morphs, lab eled as ro ots, su�xes or pre�xes. The set of features also con-

sists of these morphs, again t ypically c hosen from the top of a morph frequency

list, calculated from the morphologically segmen ted text data. The subproblem
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of selecting optimal com binations of di�eren t t yp es of morphs (ro ots, su�xes

and pre�xes) in to the feature set will b e addressed further in Chapter 5 of this

Thesis.

With morphologically segmen ted con text w ords and a set of morphs as

features, the feature morphs are no w matc hed against the segmen ted parts of

w ords app earing in the con text of an o ccurrence of the training w ord. As b efore,

the length of the con text windo w ma y v ary . An illustration of the pro cess of

calculating a feature v ector for the w ord form �lapset� in the case of morph

features can b e found in �gure 3.4

4

. Where feature morphs matc h morphs found

in the con text w ords, the comp onen t of the binary represen tation of the w ord

o ccurrence is mark ed with a �1�, and where feature morphs cannot b e found in

con text w ords, it is mark ed with a �0�. Again, the �nal feature v ector for the

training w ord is calculated as an a v erage o v er these binary represen tations of

the individual o ccurrences of the w ord in the corpus.

As can b e seen from the example in �gure 3.4, using morph features seems

to ha v e man y adv an tages o v er traditional w ord SOMs with whole w ords as

features. With con text w ords segmen ted in to morphs, the feature v ectors seem

to b e m uc h less sensitiv e to the v ariation in w ord forms due to for example w ord

in�ection or slangy use of language. In the use of language of y oung Finnish-

sp eaking c hildren, for example, plural sub jects are often follo w ed b y a v erb in a

singular form, ev en though the n um b er of the v erb should of course agree with

that of its sub ject, at least according to the established Finnish grammar.

Also, b eing a highly in�ectional and a�xing language, Finnish w ord forms

often include plen t y of in�ectional or deriv ational su�xes. If w ords lik e this

are used as features for a w ord SOM as suc h, man y w ord forms that are v ery

close to the ones included in the feature set, but still di�eren t on some parts,

will pass unnoticed as b eing actually just sligh tly di�eren tly in�ected forms of

a feature w ord. Using morphs as features, ho w ev er, seems to b e something of a

cure for these kinds of ailmen ts of the con textual feature -based represen tation

of training w ords.

After calculating the feature v ectors for eac h training w ord, the training of

the w ord SOM pro ceeds just as describ ed earlier. Again, the resulting SOM

ma y b e visualized with a U-matrix lab elled with the training w ords and some

comp onen t plane images sho wing the con tribution of individual morph features

to the SOM.

4

The morphological segmen tation of the con text and feature w ords in this example w as

tak en from a real morphological analysis of the c hildren's stories corpus, p erformed with a

Morfessor v arian t called Categories-ML.
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Left con text Righ t con text
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sillo/STM + n/SUF lapset otti/STM + v at/SUF 1 0 0 0 0 0 0 0 1 0

k oh ta/STM lapset näki/STM + v ät/SUF 0 0 0 0 0 0 0 0 0 1

sitte/STM lapset meni/STM 0 0 0 0 0 0 0 1 0 0

pian/STM lapset läh ti/STM + v ät/SUF 0 0 0 0 0 0 1 0 0 1

m ut/STM + ta/SUF lapset läh ti/STM + v ät/SUF + kin/SUF 0 0 0 0 0 0 1 0 0 1

lapset 0.2 0 0 0 0 0 0.4 0.2 0.2 0.6

Figure 3.4: An illustration of the pro cess of calculating a feature v ector when features are morphs and con text w ords ha v e b een

morphologically segmen ted. The training w ord whose o ccurrences are under examination is again �lapset�. Notice that, for example, the

ro ot of the morphologically segmen ted con text w ord �sillo/STM + n/SUF� and the feature morph �sillo/STM� no w matc h. Also, the

morphs in the con text w ord �läh ti/STM + v ät/SUF� no w matc h b oth the feature morph �läh ti/STM� and the feature morph �v ät/SUF�.

The v ector at the b ottom of the �gure represen ts the �nal feature v ector for the w ord form �lapset�, calculated as an a v erage o v er the

binary represen tations of the individual o ccurrences of the w ord form in this tin y exemplary data set.
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Chapter 4

Data set

In this Chapter, the c hildren's stories data set is describ ed in more detail. Also,

the division of the data in to age categories is explained, and the prepro cessing

and morphological analysis pro cedures necessary for utilizing the corpus are

in tro duced. Finally , a simple XML-lik e format for writing do wn new stories

is suggested, in order to mak e easier the automatic pro cessing of future story

data.

4.1 Description of data

The c hildren's stories corpus somewhat resem bles another corpus with data

from c hildren, the CHILDES database (MacWhinney and Sno w, 1985) of audio

data and transcripts of con v ersations with y oung c hildren. The corpus used

in this Thesis, ho w ev er, is in Finnish, and it consists of only textual data

(although its texts w ere transcrib ed from stories that w ere originally told orally

b y c hildren). Also, the c hildren's stories corpus w as collected using a sp ecial

metho d called Storycrafting (see Chapter 2 for a description of the metho d),

a tec hnique of Finnish in v en tion whic h seeks to promote equalit y in dialogs

b et w een c hildren and adults.

The corpus consists of 2842 stories told b y c hildren aged from 1 to 14.

There are stories from b oth b o ys and girls, and b oth from individual c hildren

and groups of c hildren. The group stories ma y ha v e b een collected from small

groups of for example t w o or three c hildren, or they ma y also ha v e b een group

stories b y a da ycare cen ter group or ev en b y an en tire sc ho ol class. F urther,

the groups ma y ha v e b een comp osed of only b o ys or girls, or they ma y ha v e

b een mixed groups with b oth b o ys and girls.

A couple of example stories (in Finnish) can b e found in �gures 4.1 and 4.2,

the �rst one a story b y an individual c hild and the other one a group story .

As ev en these randomly c hosen examples w ould suggest, the group stories are
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Fi_fi_y_1997012 0_ 1_ 285 _2 _a v_1 1_ 10_ s_ 04 11_ NA ME

NAME 4v 11kk

[ei pvämäärää] klo 13.05

10. satu, satukirje nro 11

Tila: ruokahuone

Kirjannut: NAME, pk Kanerva, Kotka

Mukana piirustus

Tyttö meni metsään

Olipa kerran tyttö ja hän meni metsään. Ja sitten hän näki ketun. Ja sitten

tyttö sanoi: "Mikä sinun nimesi on?" Ja kettu sanoi: "Kettu." Ja sitten

tyttö meni keräämään sieniä koriin ketun kanssa. Sitten tyttö meni kotiin

ketun kanssa. Sitten tyttö muisti, että äiti on allerginen ketuille. Sitten

tyttö meni keräämään metsästä kukkia. Sitten hän teki majan metsään ja haki

kotoonta eväät. Sitten he sytyttivät nuotion. Loppu.

Figure 4.1: A random example of a story told b y an individual c hild (girl, age 4 y ears

11 mon ths). All names ha v e b een remo v ed from the original �le and substituted with

the text �NAME�.

often m uc h longer than the stories told b y just one c hild. These t w o examples

also sho w a glimpse of the v ariet y of metadata that the story �les ma y con tain.

The problem of metadata will b e addressed further in Section 4.3.

A ma jorit y of 93%

1

of all the stories in the data set are in Finnish, but there

are also some 7% in Sw edish. F or the exp erimen ts in this Thesis, only the 2642

stories that w ere in Finnish w ere c hosen, the n um b er of stories in Sw edish b eing

so small that reliable exp erimen t results could not b e guaran teed for them. Of

all the stories, 51% w ere from individual girls, 38% from individual b o ys, 5%

from mixed groups and 3% from girl and 3% from b o y groups. The stories

w ere collected b et w een y ears 1994 and 2001, and 89% of the stories w ere told

b y only one c hild. 9% w ere told b y small groups of 2-5 c hildren, and 2% w ere

from large groups of 6-20 c hildren.

In total, the c hosen 2642 Finnish stories form a text corpus of 198 036

w ord forms. This w ord coun t w as obtained after the prepro cessing of the data

set, explained in Section 4.3. Due to the problem that man y of the story �les

con tain unstructured metadata, it is imp ossible to get a reliable w ord coun t of

the data b efore prepro cessing it.

1

All p ercen tages in this paragraph w ere tak en from a handout on statistics on the c hil-

dren's stories corpus, handed out b y Monik a Riihelä in a Children are T elling group meeting

in 2004.
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fi_fi_xy_199609 12 _4 _25 7_ 1_ HP_ 15 _0_ 06 05 _06 04 _0 605 _0 60 1_N AM E_ NAM E_ NAM E_ NA ME

9609xxr.hp

12.9.1996

NAME 6 v 5 kk, 3.satu

NAME 6 v 4 kk, 1 satu

NAME 6 v 5 kk, 7. satu

NAME 6 v, 1. satu

Ryhmässä

Köpaksen päiväkoti/Masal a

Kirjasi: NAME

Kuva: Kyllä

Satuketju nro 15

Lintu vauvansa kanssa

Olipa kerran lintu, jolla oli vauva. Sitte se meni etsimän ruokaa.

Sitten tuli haukka, joka yritti napata vauvaa. Ja sitten haukka pysähtyi

ja laskeutui puuhun. Ja sitten se alkoi syöksyä nopeeta, sitten se kun se

syöksyi nopeeta vauhtia se laskeutui emon päälle. Ja sitten tuli toinen

haukka, joka olikin vähän rohkeampi. Ja sitte se rohkea haukka pystyi

ottamaan emon ja toinen otti vauvan. Ja sitten se vauva rääkyi. Ja ne oli

vierekkäin ne haukat, se yksi oli aika viisas. Ne yritti panna siivet

yhteen. Se rohkeampi haukka otti emolinnun niskasta ja sitten se aikoi

laskeutua omalle maalle ja sitten se meni pesälle ja sitten se aikoi taas

mennä saalistamaan ja sitten se näki kuolleen jäniksen ja otti sen. Sitten

se kun se alko syödä sitä jänistä molemmat haukat kuoli. Ja sitten kaikki

mitkä siellä oli ne toiset linnut pääsi vapaaksi ja vauva osasi jo lentää.

Ja sitten emo kuljettti sen pesälle saakka ja emo meni hakemaan lisää ruokaa.

Ja sitten se oli niin viisas, että se saalisti matoja ja eläimiä. Ja sitten

se aikoi vielä neljä matoa saada. Se sai yhden, sitten se sai vielä toisen

ja toisen ja vielä yksi eläin ja sitten mato ja kaikki muut madot jäi

loukkuun. Sen pituinen se.

Figure 4.2: A random example of a story told b y a group of c hildren (b o y , age 6 y ears

5 mon ths; b o y , age 5 y ears 4 mon ths; girl, age 6 y ears 5 mon ths and b o y , age 6 y ears

1 mon th). All names ha v e b een remo v ed from the original �le and substituted with

the text �NAME�.
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Finally , it should b e noted concerning the nature of the corpus that it

is a pro duct of y oung c hildren's use of language, and as one w ould exp ect,

it con tains man y instances of sp ok en language or w ord forms that could b e

considered non-standard or slangy . This c hallenging, non-orthographical nature

of the c hildren's stories data set is one of the reasons wh y statistical metho ds,

lik e the ones used in this Thesis, should pro v e esp ecially useful in analyzing

it. Indeed, using traditional rule-based metho ds in analyzing this corpus w ould

probably ha v e lead to man y problems.

4.2 Division in to categories

The data set originally came on a CD with 2842 uncategorized story �les (2642

in Finnish, 198 in Sw edish, 1 in English, 1 in Russian). The question so on

arose ab out whether the story �les could b e divided in to categories according

to some criterion, so that w ord SOMs on di�eren t subsets of the data set could

b e compared to eac h other. Suc h criteria for dividing this story data set could

b e, for example, the age of the c hildren who told the stories, the gender of the

c hildren, or the fact whether the story w as told b y an individual c hild or b y a

group of c hildren.

In teresting as it w ould b e to compare the resulting w ord SOMs of stories told

b y b o ys and girls or stories b y individual c hildren and larger groups of c hildren,

it w as decided at this p oin t to divide the stories using the age criterion. The

data set w as th us divided in to three categories: stories b y c hildren aged from

1 to 4 y ears, stories b y c hildren aged from 5 to 6 y ears and stories b y c hildren

that w ere older than 6 y ears. The age categories w ere determined partly based

on the author's concept of what w ould b e go o d and natural p oin ts for dividing

c hildren in to age groups, and partly according to the fact that this particular

division seemed to yield the b est balance b et w een the sizes of the di�eren t

subsets.

A script w as created for automatically dividing the 2642 Finnish story �les

in to the three age categories. In the resulting division, the category of c hildren

aged from 1 to 4 y ears has 760 stories, the category of c hildren aged from 5

to 6 y ears has 1434 stories and the last category of c hildren aged o v er 6 y ears

consists of 443 story �les (see table 4.1). There w as a n um b er of �les that could

not b e classi�ed in to an y category . This is due to the fact that some group

story �les lac k ed information on the age of the c hildren (probably b ecause there

w ere to o man y of them, for example an en tire sc ho ol class), and some story

�les just failed to conform in an y w a y to the prede�ned enco ding format. In

total, there w ere 69 of suc h unclassi�ed story �les.
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Age category Stories W ord coun t A v erage story length

1 to 4 y ear-olds 770 42 449 55.1

5 to 6 y ear-olds 1433 119 289 83.2

Ov er 6 y ear-olds 442 46 453 105.1

T able 4.1: The n um b er of stories and w ords and the a v erage story length in eac h of

the three age categories. The length of the stories seems to correlate with the age of

the c hildren, whic h comp ensates for the small n um b er of stories in the category of

the oldest c hildren.

The division of group stories in to age categories w as esp ecially problematic,

since a group ma y consist of c hildren of di�eren t ages. F or example, should

a group story told b y four c hildren, aged 6, 5, 3 and 4 y ears resp ectiv ely , b e

classi�ed in to the category of 1 to 4 y ear-olds or rather to the category of 5

to 6 y ear-olds? In this w ork, a c hoice w as made to classify group stories in to

all of the categories they matc hed, so that the previous h yp othetical example

story w ould end up b oth in the category of 1 to 4 y ear-olds and in the category

of 5 to 6 y ear-olds. This decision w as based on the fact that at this p oin t, it

is no longer p ossible to distinguish the con tributions of eac h individual c hild

to the story , but that these kinds of group stories are rather something that

emerged from the dialog and collab oration of the en tire group. Other strategies

for categorizing the group stories w ould ha v e included for example classifying

according to the age of the oldest c hild, or according to the age category that a

ma jorit y of the c hildren in the group fell in to, or p erhaps ignoring completely

those group stories that w ere told b y c hildren from di�eren t age categories.

As a consequence of this approac h adopted to categorizing group stories b y

c hildren from di�eren t age categories, a total of 64 group stories w ere classi�ed

in to t w o distinct age categories, and 4 stories ev en ended up in eac h of the three

categories. Notice that b ecause of this, and b ecause of the 69 story �les that

could not b e categorized at all, the total category w ord coun t summed o v er the

three age categories (208 191 w ords) di�ers from the n um b er of w ord forms in

the total corpus of 2642 stories in Finnish, whic h is 198 036.

As can b e seen from these n um b ers, the amoun t of stories in eac h subset

is still not v ery balanced. This is due to the fact that more than half of all

the stories in the data set w ere collected from c hildren that w ere 5 or 6 y ears

old. The explanation for this bias is that these ages are t ypical for c hildren

in Finnish da ycare cen ters, whic h is indeed where most of the stories w ere

collected.

The n um b er of stories from the y oungest and the oldest c hildren b eing

considerably smaller, it is of course justi�ed to ask whether these categories

really con tain enough data for obtaining reliable results in the exp erimen ts.
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Esp ecially , the category of c hildren aged o v er 6 y ears seems to ha v e v ery few

stories, only 443. But ev en if the stories in this category are somewhat scarce,

it should b e noted that the stories b y older c hildren are t ypically m uc h longer

than those of the c hildren in the other age categories. Th us, the length of the

stories told b y c hildren aged o v er 6 y ears comp ensates for the fact that there

are not so man y of them. In fact, when the amoun t of data in this age category

is coun ted in w ords instead of stories, it actually surpasses the w ord coun t of

the category of the y oungest c hildren, aged from 1 to 4.

4.3 Prepro cessing

The data w as receiv ed in rtf format, eac h story in its o wn rtf �le. Conse-

quen tly , the �rst step in prepro cessing the data w as con v erting the �les in to

plain text �les that are m uc h easier to pro cess automatically

2

.

Next, the actual prepro cessing scripts w ere created in P erl programming

language. The basic script for pro cessing directories of story �les tak es as

input a directory of plain text �les, applying t w o other scripts on the input

�les. The �rst one of these scripts attempts to remo v e an y metadata from the

story �les, and the second script is the actual prepro cessing to ol. These t w o

phases will b e describ ed in more detail in the follo wing t w o Sections.

4.3.1 Remo ving metadata

The task of the �rst script is to strip the story �les of an y headers or metadata

they migh t con tain. Originally , the metadata of eac h story �le w as mean t to b e

enco ded only in the name of the �le (and in the �rst line of the �le, where the

�le name is rep eated), and this is indeed the case in man y story �les. Ho w ev er,

there w ere almost equally man y �les in the data set that also con tained some

additional metadata inside the actual �le. Suc h in ternal metadata could include

for example the name and age of the c hild who told the story , the name of the

p erson who wrote it do wn, the name of the da ycare cen ter the story w as told at,

the time, space or situation the story w as told in, and so on. Since the stories

ha v e b een collected from so man y di�eren t p eople, there seems to ha v e b een no

standard w a y for including this p ossible additional metadata in the �les and

for presen ting the story itself. Consequen tly , b ecause of this unstructuredness

of the �les, automatical separation of the actual story texts from the metadata

turned out to b e far from a trivial task.

F or this purp ose, a rather straigh tforw ard snipp et of a script had to b e

created, capable of deciding whic h parts of the �les are probably just metadata

2

Man y thanks to P etteri Räisänen for helping with the con v ersion of the �les.
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and whic h parts mak e up the actual story . The idea of this story-digging script

is that it tries to �nd from the �le a con tin uous sequence of text, using the

follo wing criteria:

1. The sequence of text m ust b e con tin uous. It is either just one c h unk of

text with no line breaks at all, or it consists of t w o or more c h unks of

text that are separated b y at most t w o line breaks.

2. The sequence of text m ust b e long enough, i.e. its length should ex-

ceed a certain length treshold. Short sequences of text are probably just

metadata.

3. The sequence of text m ust not con tain an y of the �illegal w ords� sp eci�ed

in a sp ecial list. This list includes for example some expressions of age,

di�eren t forms of the w ord �kirjata� or �kirjaa ja� (Finnish for 'write do wn'

or 'p erson who writes do wn'), or other suc h w ords that clearly seem to

indicate that the text in question is metadata rather than story text.

It should b e noted that the story-digging script is b y no means p erfect.

Quite ob viously , it do es mak e mistak es, sometimes deciding that some of the

story text lo oks lik e metadata and th us lea ving it out, or, w orse still, sometimes

classifying metadata as story text. Ho w ev er, dev eloping a really go o d script

for this task w ould ha v e tak en a considerable amoun t of time, and since this

task w asn't really one of the cen tral aims of this Thesis, it w as decided at some

p oin t to freeze the dev elopmen t pro cess and just lea v e the script as it w as then.

F or this reason, the p erformance of the script can b e said to b e just acceptable

enough that it should not mak e to o man y classi�cation errors, and at least it

should not ha v e v ery m uc h e�ect on the outcome of the actual exp erimen ts

p erformed in this Thesis.

4.3.2 Prepro cessing stories

After story text has b een separated from metadata, the actual prepro cessing

script comes in to picture. It is a v ery basic prepro cessing to ol that con v erts

all w ords in to lo w er case, remo v es all c haracters other than letters, n um b ers

and punctuation marks, replaces all n um b ers with the sequence �NUM� and

punctuation marks with �PUNCT�, and con v erts the normal input text in to a

one-w ord-p er-line format.

Finally , there is y et one prepro cessing step whic h in v olv es the selection of

w ords in to the sets ot training w ords of the w ord SOMs constructed in this

Thesis. Originally , it w as decided that the 200 most frequen t w ord forms in the

whole c hildren's stories corpus w ould b e used as the training w ords. Ho w ev er,
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based on the examination of some early exp erimen tal w ord SOMs, three w ord

forms, namely �olipa�, �k erran� and �pituinen�, w ere so on decided to b e put on

a so-called stop w ord list as far as the selection of training w ords is concerned.

This w as due to the fact that these three w ords seemed to ha v e suc h distinctiv e

feature represen tations, completely di�eren t from an y of the other w ords in the

training w ord set, that they unnecessarily decreased the represen tativ e capacit y

of the early resulting SOMs. Also, the three w ords w eren't ev en of particularly

m uc h in terest for the kind of w ord analysis p erformed in this Thesis, since they

are sp ecial story w ords that o ccur v ery frequen tly in the traditional starting

phrase (� Olip a kerr an ...�; 'Once up on a time...') and ending phrase (�Sen pitui-

nen se.�; 'And that's ho w the story ends.') of a story . Th us, they ended up on

a stop w ord list whic h prev en ts them from b eing selected to an y set of training

w ords of a w ord SOM. Ho w ev er, these w ords are still allo w ed to o ccur in the

sets of feature w ords/morphs or as the con text w ords of some other training

w ords.

4.4 Morphological analysis

In order to b e able to use morphological information of con text w ords as fea-

tures of a w ord SOM, a morphological analysis of the c hildren's stories corpus

had to b e obtained �rst. Th us, after freezing the dev elopmen t of the prepro-

cessing scripts, three di�eren t v ersions of Morfessor morphological extraction

metho d w ere applied to the prepro cessed data

3

. The v ersions used w ere the

Baseline metho d, the Categories-ML v arian t and the Categories-MAP v arian t

(see Chapter 3 for explanation on all three v arian ts).

The precision and recall of all three metho ds w ere calculated against the

Hutme gs (Creutz and Lindén, 2004), the Helsinki Univ ersit y of T ec hnology Mor-

phological Ev aluation Gold Standard pac k age

4

. The Hutmegs pac k age con tains

gold-standard morphological segmen tations for 1.4 million Finnish w ords, p er-

formed b y the t w o-lev el morphological analyzer (K osk enniemi, 1983) for Finnish

(FINTW OL). The results of the three Morfessor v arian ts, calculated for the

w ords in the c hildren's stories corpus that could also b e found in the Hutmegs,

can b e seen in table 4.2.

As the table indicates, the Morfessor v arian t that yielded the b est results

on the c hildren's stories corpus w as the Categories-ML metho d. The p erfor-

mance of the Categories-MAP mo del on the c hildren's stories corpus w as ac-

3

I thank Mathias Creutz for p erforming the actual morphological analyses and for pro-

viding the comparisons with the Hutmegs gold standard.

4

The Hutmegs 1.0 ev aluation pac k age for Finnish and English is a v ailable at

http://www.cis. hu t. fi/ pr oj ect s/ mor ph o/
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Morfessor v arian t Precision Recall

Baseline 61.5% 58.5%

Categories-ML 72.4% 60.9%

Categories-MAP 66.6% 55.2%

T able 4.2: The p erformance of three Morfessor v arian ts on the c hildren's stories

corpus. Notice that the Categories-ML metho d surpasses the other t w o in b oth

precision and recall.

tually w orse than in previous exp erimen ts on Finnish data (Creutz and Lagus,

2005a). Th us, ev en though the Categories-ML metho d is sligh tly older than

the Categories-MAP v arian t and ev en though its language mo del isn't consid-

ered as elegan t and in tuitiv e as that of the latter, the Categories-ML metho d

w as c hosen as the Morfessor v arian t for obtaining a morphological analysis of

this data. All the w ord SOMs in this Thesis that use morphological infor-

mation as features w ere hence constructed using the morphs extracted b y the

Categories-ML v arian t of Morfessor.

4.5 Suggested standardized format for stories

In order to a v oid further trouble in the automatical separation of the actual

stories and metadata in story �les, a simple XML-based format for recording

future stories in a more standardized and structured w a y w as suggested to the

Children are T elling group of researc hers in one of the meetings.

In addition to impro ving the mac hine-readabilit y of the stories, this format

w ould also ha v e the b ene�t of mo ving metadata from the name of the �le to

the inside of it, where it is easier to handle. Of course, there is no need to

completely trash the idea of storing metadata in the name of the story �le

ev en if a standardized format lik e this w as used; the t w o w a ys of represen ting

metadata could p erfectly w ell b e used together.

The suggested XML-based template for recording new stories can b e found

in �gure 4.3.

5

F or demonstrativ e purp oses, only an empt y example XML tem-

plate for writing do wn a story w as created. In actual use, ho w ev er, a formal

do cumen t t yp e de�nition (DTD) w ould naturally b e needed to accompan y the

template.

As can b e seen, the template consists of XML-conforming pairs of b eginning

and closing tags. A t the main lev el, there are three pairs of tags: the <meta>

tags for the metadata of the story , the optional <otsikk o> tags for a p ossible

title of the story , and �nally the <satu> tags whic h should con tain the story

5

A t the momen t, I only ha v e a Finnish v ersion of the template a v ailable.
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<!-- sadun metatiedot -->

<meta>

<!-- maan tunnus: fi = Suomi, se = Ruotsi -->

<maa> </maa>

<!-- kielen tunnus: fi = suomenkielinen, se = ruotsinkielinen -->

<kieli> </kieli>

<!-- x = poika, y = tyttö, xx = poikaryhmä, yy = tyttör., xy = sekar. -->

<sukupuoli> </sukupuoli>

<!-- kertojien lkm -->

<kertojia> </kertojia>

<!-- paikkakuntakood i -->

<paikkakunta> </paikkakunta>

<!-- toimipaikkanume ro -->

<toimipaikka> </toimipaikka>

<!-- formaatti: vvvvkkpp -->

<pvm> </pvm>

<!-- saduttajan nimikirj. TAI: f = kotona/vanhempi , i = lapsi itse -->

<saduttaja> </saduttaja>

<!-- ketjukirjeen numero (0 = ryhmä tai ei tietoa) -->

<ketjukirje> </ketjukirje>

<!-- monesko satu (0 = ryhmä tai ei tietoa) -->

<satunro> </satunro>

<!-- s = satu, a = jokin muu kuin satu (esim. teatteri, leikki) -->

<tyyppi> </tyyppi>

<!-- lapsia voi olla 1...* kpl, kullekin oma tietueensa -->

<lapsi>

<ika> </ika>

<etunimi> </etunimi>

</lapsi>

</meta>

<!-- sadun otsikko, ei pakollinen -->

<otsikko>

</otsikko>

<!-- itse satuteksti -->

<teksti>

</teksti>

Figure 4.3: A suggested XML-based template for recording stories.
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text itself. The <meta> tags can con tain man y kinds of optional and obligatory

meta information, the most imp ortan t one b eing p erhaps the <lapsi> en try or

en tries whic h in turn ha v e the tags for recording the age and �rst name of the

c hild or c hildren who told the story . Also, since so man y of the p eople who

collected the stories seemed to ha v e a tendency of adding some non-required

extra metadata in to the story �les, it migh t b e a go o d idea to include an

additional �eld in the template that they could utilize for suc h free-form extra

information.

The p ossibilit y of con v erting the existing story �les in to this XML-based

format w as also studied. As a result, a simple script for p erforming most of

the con v ersion w ork w as created. Utilizing the information pac k ed in to the

name of the story �le and the story-digging script describ ed in Section 4.3.1,

the script tries to �nd and assign the correct information to eac h pair of tags

in the template. As output, it creates a �lled-in XML template for the input

story , with an additional pair of tags lab eled <unclassi�ed> whic h con tain the

information in the story �le that the script w as not able to extract and �ll in

to some other tags.

As the p erformance of the story-digging script is far from p erfect, the

amoun t of information dump ed in to the <unclassi�ed> category can some-

times b e rather large. But ev en with its faults, this rough XML con v ersion

script do es p erform quite nicely the most tedious part of the con v ersion w ork.

F or total con v ersion in to the XML-based format, it is left for man ual e�ort to

just go through the pre-con v erted �les and sw eep up after the automatical con-

v ersion script, k eeping esp ecially an ey e on the con ten t of the <unclassi�ed>

tags. This should sa v e a considerable amoun t of time compared to ha ving to

p erform the whole task man ually .
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Exp erimen ts on feature selection

In this Chapter, the selection of morph features for a w ord SOM is examined in

more detail. An ev aluation measure is presen ted for enabling automatical ev al-

uation and comparison of man y w ord SOMs at a time, and sev eral w ord SOM

v arian ts are ev aluated using the metho d. Studying the ev aluation results, the

task of c ho osing optimal sets of morph features for a w ord SOM is considered,

and, �nally , some observ ations are made concerning the p ossible phenomena

underlying the ev aluation p erformance of the di�eren t w ord SOM v arian ts.

5.1 W ord SOM parameters

As explained in Chapter 3, there are sev eral parameters to b e decided when

constructing a w ord SOM, b e it a traditional w ord SOM with whole con text

w ords as features or one with morph features. The parameter v alues c hosen

for the w ord SOMs used in the exp erimen ts of this Thesis are describ ed in the

follo wing.

All w ord SOMs w ere trained using the SOM T o olb o x pac k age (V esan to

et al., 1999) for Ma tlab , using the batc h v ersion of the training algorithm.

The neigh b orho o d function used w as Gaussian, and t ypical learning rate and

neigh b orho o d radius parameter v alues w ere used.

The sets of training w ords of the w ord SOMs ev aluated in this Chapter

consist of the 200 most frequen t w ord forms in the whole c hildren's stories

corpus. All w ord maps presen ted in this w ork are of a size of 14 � 10 units,

whic h means that there w ere sligh tly more than one training w ord p er eac h

SOM no de. This giv es the w ord SOM enough resolution for a comfortable

analysis of the map; with a smaller map size, to o man y w ord forms w ould ha v e

b een mapp ed to single no des, making the man ual examination of the map more

di�cult.
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As for the size of the con text windo w, in this Thesis a windo w of a length of

one w ord in to b oth directions w as adopted. In other w ords, only the w ord forms

o ccurring immediately b efore and after the training w ord under consideration

are examined for feature elemen ts. The feature sets of the w ord SOMs v ary

from exp erimen t to exp erimen t, as the main purp ose of this Chapter is to

ev aluate w ord SOMs with di�eren t t yp es of features and to �nd the optimal

sets of features.

5.2 Ev aluation measure

F or this Thesis, an ev aluation measure for automatically ev aluating the qualit y

of w ord SOMs w as dev elop ed. Since it w asn't ob vious whic h com binations

of feature morph t yp es w ould yield the b est resulting w ord maps, suc h an

ev aluation measure w as needed in order to sa v e the lab or of man ually comparing

sev eral SOM v arian ts and to get reliable information ab out the b est morph

feature sets for constructing morph-featured w ord SOMs.

5.2.1 Man ual baseline categorization of w ord forms

The idea of the ev aluation measure that w as adopted is to use part-of-sp eec h

information of the 200 most frequen t w ord forms in the whole c hildren's stories

data set. These same 200 most frequen t w ords are also used in training the

w ord SOMs based on the whole data set and pro jected on the resulting maps.

P art-of-sp eec h information of the w ord forms w as c hosen as the basis of the

ev aluation measure b ecause part-of-sp eec h classes are the traditional w a y of

categorizing w ords. Ev en if the w ord categorizations emerging from the w ord

SOMs trained in this Thesis do not necessarily corresp ond to an y established

linguistic theory on w ord categorization, it is nev ertheless di�cult to imagine

that there could b e suc h emergen t w ord categorizations that are go o d con-

ceptual represen tations of the data but that ha v e nothing to do at all with

the established theory . The traditional part-of-sp eec h classi�cation of w ords is

th us regarded here as a kind of a minim um requiremen t for the emergen t w ord

SOM categorizations: go o d emergen t w ord categorizations probably ha v e at

least something in common with the established part-of-sp eec h -based theory

of organizing w ords in to classes.

The 200 most frequen t w ord forms of the data set w ere th us man ually ana-

lyzed, and eac h w ord form w as giv en a list of all p ossible parts-of-sp eec h that

it could b elong to, according to a recen tly published new descriptiv e Finnish

grammar called �Iso suomen kielioppi� (Hakulinen et al., 2004). Notice that

these part-of-sp eec h lists of eac h w ord form ma y also include suc h parts-of-

44



CHAPTER 5. EXPERIMENTS ON FEA TURE SELECTION

sp eec h or senses that the w ord in question did not o ccur in in this particular

data set, but that could b e v alid parts-of-sp eec h for the w ord form giv en some

other data set. The part-of-sp eec h lists w ere th us in tended to b e as compre-

hensiv e and exhausting as p ossible. An example excerpt from the list of the

man ually classi�ed 200 most frequen t w ord forms can b e found in �gure 5.1.

It should also b e noted that the grammar that w as used as a source for �nd-

ing the parts-of-sp eec h is of a descriptiv e nature rather than normativ e, and,

follo wing the descriptiv e tradition, man y w ords could not b e strictly classi�ed

as b elonging to just one or the other part-of-sp eec h. Rather, the resulting

classi�cation w as soft, meaning that a w ord could b elong to more than one

part-of-sp eec h, and in some cases, one part-of-sp eec h classi�cation in the list of

a giv en w ord could con tain more than one distinct part-of-sp eec h. F or example,

the w ord �toinen� receiv ed a list of four di�eren t classi�cations, of whic h the

�rst one w as �adjectiv e/n umeral� (meaning in English: ordinal n um b er '(the)

second'). Finnish ordinal n um b ers are used in suc h an adjectiv al w a y that it is

di�cult to sa y whether they should b e considered as b elonging to a separate

class of n umerals at all or just a sp ecial case of adjectiv es. Th us, it is justi�ed

to giv e the w ord form �toinen� used in this ordinal n um b er sense a classi�cation

as something that is b oth an adjectiv e and a n umeral, or as something b eing in

b et w een these t w o parts-of-sp eec h; hence the compromising classi�cation �ad-

jectiv e/n umeral�. Other part-of-sp eec h classi�cations of the w ord form �toinen�

included meanings lik e �pronoun� (recipro cal pronoun '(eac h) other') and �ad-

jectiv e/pronoun� (quan titativ e, inde�nite or comparativ e prounoun 'other').

Finally , it is w orth noticing that since the data set consists of stories told

b y small c hildren, the y oungest of them b eing only one y ear old, man y w ords

and w ord forms in the data set con tain sp ok en language and ab errations from

the commonly accepted Finnish orthograph y that adults w ould probably con-

sider as �errors� or at least slangy use of language. A traditional normativ e

grammar w ould normally dismiss man y of them as just non-orthographical or

ungrammatical w ord forms. Luc kily , the descriptiv e Finnish grammar used as

the classi�cation source for the w ords w as constructed using real text corp ora,

b oth in written and in sp ok en language, and th us it con tains man y examples of

sp ok en or otherwise slangy language use as w ell. During the man ual classi�ca-

tion of the 200 most frequen t w ord forms, in the cases where ev en the descriptiv e

grammar failed to presen t the needed examples of suc h non-orthographical lan-

guage, w ord forms w ere classi�ed lik e they w ere their normal orthographical

v ersions instead (but lab eled as b eing �slang�, lik e all non-orthographical w ord

forms encoun tered in this set of 200 w ords).

45



CHAPTER 5. EXPERIMENTS ON FEA TURE SELECTION

1098 lähti

1. VERBI_ITR : dynaaminen, konkreettinen, siirtymis- tai asettumisverbi

977 mutta

1. PARTIKKELI : 5-2-A yksiosainen rinnastuskonjunk ti o

916 siellä

1. ADVERBI/PRONOMIN I : 7-A/2-A-1 lokatiivinen demonstratiivine n proadverbi

889 kotiin

1. SUBSTANTIIVI : 1-A jaoton yleisnimi

2. ADVERBI : 1-C paikan adverbi, muu sijainti

782 näki

1. VERBI_TR : dynaaminen, mentaalinen havaintoverbi

741 äiti

1. SUBSTANTIIVI : 1-A jaoton yleisnimi

717 loppu

1. SUBSTANTIIVI : 1-A jaoton yleisnimi

2. VERBI_ITR (slangia) : dynaaminen, konkreettinen tilanmuutosverbi

631 joka

1. PRONOMINI : 6 relatiivipronomin i

2. PRONOMINI : 7-B-2 distributiivine n universaalinen kvanttoripronomi ni

599 pois

1. ADVERBI : 1-C paikan adverbi, muu sijainti

582 sitä

1. PRONOMINI : 2 demonstratiivipro no mi ni

2. PRONOMINI (slangia) : 1-B anaforis-deiktin en persoonapronomin i

537 menivät

1. VERBI_ITR : dynaaminen, konkreettinen siirtymis- tai asettumisverbi

531 kaikki

1. PRONOMINI : 7-B-1 yleiskäyttöinen universaalinen kvanttoripronomin i

508 kissa

1. SUBSTANTIIVI : 1-A jaoton yleisnimi

486 sinne

1. ADVERBI/PRONOMIN I : 7-A/2-A-1 lokatiivinen demonstratiivine n proadverbi

481 sieltä

1. ADVERBI/PRONOMIN I : 7-A/2-A-1 lokatiivinen demonstratiivine n proadverbi

470 koira

1. SUBSTANTIIVI : 1-A jaoton yleisnimi

467 minä

1. PRONOMINI : 1-A puheaktin persoonapronomin i

438 söi

1. VERBI_TR : dynaaminen, konkreettinen nauttimisverbi

415 pikku

1. ADJEKTIIVI : 4 taipumaton adjektiivi

Figure 5.1: An excerpt from the list of the man ually classi�ed 200 most frequen t

w ord forms in the whole c hildren's stories corpus. The n um b ers on the left of the

w ord forms are their frequencies in the corpus. Notice that a single w ord form can

ha v e more than one part-of-sp eec h classi�cations, and that some classi�cations are

compromises b et w een t w o separate parts-of-sp eec h.
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5.2.2 Ev aluation algorithm

With the man ual classi�cation of w ord forms done, the base for the ev aluation

measure w as ready . In tuitiv ely , the idea of the ev aluation measure is to �nd

out ho w w ell or tigh tly w ord forms are clustered on eac h particular w ord SOM

according to the part-of-sp eec h classi�cations. Ideally , w ord forms close to eac h

other on the map should ha v e some parts-of-sp eec h in common; for example,

nouns w ould form a tigh t group with eac h other, separated from all other groups

of w ord forms on the SOM, as w ould also v erbs, adjectiv es etc.

The ev aluation measure calculates for eac h w ord form the p ercen tage of

the w ords in the same or the immediately neigh b oring map no des that had

one or more parts-of-sp eec h in common with the w ord-form in question. After

comparing the part-of-sp eec h lists of eac h w ord form with the lists of w ord

forms in the neigh b oring map no des, an a v erage p ercen tage for the whole SOM

is calculated o v er the results of eac h individual w ord form. Also, in order to

rule out the p ossibilit y of c hance, the �nal results for eac h t yp e of w ord SOM

are calculated o v er the individual results of 100 randomly initialized w ord maps

of that t yp e.

In more detail, the ev aluation lo op for one w ord SOM t yp e pro ceeds as

follo ws:

1. T rain a w ord SOM that is to b e ev aluated.

1

2. F or eac h w ord form of the SOM, �nd the b est matc hing unit (BMU), e.g.

the map no de the w ord w as mapp ed to.

3. Find the immediately neigh b oring no des of this b est matc hing unit.

4. Find the w ords that w ere mapp ed to either the same map no de as the

w ord form under examination or to one of the immediately neigh b oring

map no des.

5. Of these w ords, �nd the ones that ha v e at least one part-of-sp eec h classi�-

cation in common with the w ord form under consideration, and calculate

their p ercen tage of all the w ord forms mapp ed to these no des. If none

of the neigh b or w ords ha v e an y part-of-sp eec h classi�cations in common

with the w ord form, the p ercen tage is zero.

6. Calculate an ev aluation result for this w ord SOM b y taking the a v erage

p ercen tage o v er the results of all individual w ord forms.

1

It should b e noted that all w ord SOM v arian ts in the ev aluation lo op are initialized using

the same random seed, in order to eliminate the p ossibilit y of some maps getting a b etter

random initialization than others and th us faring b etter in the ev aluation pro cess.

47



CHAPTER 5. EXPERIMENTS ON FEA TURE SELECTION

7. Calculate an ev aluation result for this w ord SOM t yp e b y taking the

a v erage p ercen tage o v er the results of 100 randomly initialized w ord maps

of this t yp e.

It is p ossible that some of the w ord SOM v arian ts that are b eing ev aluated

w ere not trained exactly on the same 200 most frequen t w ord forms of the whole

data set that w ere man ually classi�ed and used as the basis of ev aluation. F or

example, a w ord SOM ma y ha v e b een trained on only a p ortion of the whole

data set instead of all of the story data, e.g. on the p ortion of stories told b y

c hildren aged from 1 to 4, and th us the 200 most frequen t w ord forms in this

p ortion of the data set ma y di�er from those in the whole data set. F or this

reason, the ev aluation algorithm c hec ks the w ord lists, using for ev aluation only

those w ord forms in the training w ord list of the w ord SOM b eing examined that

can also b e found on the original list of man ually classi�ed 200 most frequen t

w ord forms in the whole story corpus.

Of course, if the training w ord list of the particular w ord SOM b eing ev al-

uated should di�er greatly from the original list, the ev aluation results will

naturally b e a�ected and b ecome less reliable. T o co v er more of the list of the

most frequen t w ord forms in the data and in its subsets, more w ords w ould

ha v e to b e man ually classi�ed. F or the purp oses of this Thesis, ho w ev er, this

did not seem necessary . Almost in all ev aluation cases the training w ord lists

of particular w ord SOMs w ere iden tical or at least v ery close to the original list

of man ually classi�ed examples, so the results can b e considered quite reliable.

The ev aluation measure w as implemen ted as a Ma tlab program that runs

the ev aluation algorithm on sev eral di�eren t t yp es of w ord SOMs with morphs

as features, and also on a couple of traditional w ord SOMs whic h use whole

con text w ords as features. The exp erimen ts will b e describ ed in more detail in

the follo wing Section.

5.3 F eature selection exp erimen ts

The ev aluation algorithm w as run on quite a few di�eren t w ord SOM v arian ts

whic h w ere all constructed on the whole c hildren's stories data. These v arian ts

included:

1. T w o w ord SOMs using as features the �rst 200 or 100 morphs from the

frequency list of all morphs in the whole data set.

2. T w o w ord SOMs using as features the �rst 200 or 100 morphs from the

frequency list of ro ot morphs (morphs that Morfessor lab eled with �STM�)

in the data set.
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3. T w o w ord SOMs using as features the 200 or 100 most frequen t ro ot

morphs plus the 20 or 10 most frequen t su�x morphs (morphs that Mor-

fessor lab eled with �SUF�) in the data set.

4. A w ord SOM using as features the 200 most frequen t ro ot morphs plus

23 hand-pic k ed su�x morphs.

5. T w o traditional w ord SOMs using as features the 200 or 100 most frequen t

whole con text w ords in the data set.

6. A w ord SOM using as features the 80 most frequen t su�x morphs in the

data set.

Notice that in all the w ord SOMs that utilize morph features, the morphs w ere

extracted b y the Categories-ML v arian t of Morfessor, describ ed in Chapter 3.

Of most of the SOM v arian ts, there w ere th us t w o v ersions in the ev aluation:

one with around 200 features and another with ab out 100. The feature set of the

�rst SOM is comp osed of the 200 most frequen t morphs from the frequency list

of all Morfessor-extracted morphs of the whole data set. In detail, this list of 200

morphs consists of 145 ro ot morphs, 52 su�xes and 3 pre�xes. T w o w ord SOM

v arian ts had only ro ot morphs for features, and the next three exp erimen ts are

kind of compromises b et w een using just ro ot morphs and ro ot morphs together

with su�xes. After noticing that the ev aluation results actually sho w ed a sligh t

declination when su�xes w ere in tro ducecd to the feature set, a v arian t with

200 ro ot morphs and 23 hand-pic k ed su�xes w as also added to the ev aluation

pro cess. Here, hand-pic king simply means that from the su�xes frequency list,

only a handful that lo ok ed lik e esp ecially go o d and natural Finnish su�xes

w ere c hosen for features

2

. Finally , to compare the ev aluation results of w ord

SOMs with Morfessor-extracted morphs as features to traditional w ord SOMs,

a couple of w ord SOMs with whole con text w ords as features w ere added to

the ev aluation pro cess.

5.3.1 Exp erimen t results

The ev aluation results for these SOM v arian ts can b e found in table 5.1. As

explained previously , the results are a v erage p ercen tages o v er 100 randomnly

initialized w ord SOMs of the t yp e. In turn, the result p ercen tage of one in-

dividual w ord map indicates the a v erage p ortion of w ords in the immediate

2

Studying the e�ect of pre�xes as features of w ord SOMs w as not considered to b e of

imp ortance, since the n um b er of the pre�xes that Morfessor extracted from the data w as

v ery small (only 19 pre�xes w ere found) and man y of them w ere highly infrequen t. This go es

along with the fact that Finnish morphology is extremely su�x-cen tered of nature.
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W ord SOM v arian t Ev al. result S.d. of results

200 most frequen t morphs from ALL-list 60.41% 1.48%

100 most frequen t morphs from ALL-list 60.75% 1.55%

200 most frequen t morphs from STM-list 62.91% 1.63%

100 most frequen t morphs from STM-list 63.11% 1.56%

200 most frequen t STM-morphs +

20 most frequen t SUF-morphs 61.29% 1.60%

100 most frequen t STM-morphs +

10 most frequen t SUF-morphs 61.05% 1.40%

200 most frequen t STM-morphs +

23 hand-pic k ed SUF-morphs 62.25% 1.44%

200 most frequen t whole con text w ords 54.76% 1.63%

100 most frequen t whole con text w ords 54.43% 1.57%

80 most frequen t morphs from SUF-list 43.75% 1.43%

Baseline similarit y 22.51% -

T able 5.1: The results of the w ord map qualit y ev aluation measure for di�eren t

w ord SOM v arian ts, calculated as a v erage p ercen tages o v er 100 randomly initialized

w ord SOMs of the t yp e. Notice that all w ord SOMs clearly outp erform the baseline

similarit y , and that all but one of the SOMs that had morph features fared b etter

than traditional w ord SOMs with whole con text w ords as features. �S.d.� denotes

the standard deviation of the ev aluation result p ercen tages.

neigh b orho o d of a giv en w ord form that ha v e at least one part-of-sp eec h in

common with the w ord form in question. F or comparison, the table also in-

cludes a so-called baseline similarit y . This baseline similarit y coun ts for ev ery

training w ord the p ercen tage of other training w ords sharing at least one part-

of-sp eec h with it, and again the result is a v eraged o v er all the w ords in the

training set. In practice, this corresp onds roughly to the idea of a SOM orga-

nized in a completely random fashion.

As can b e seen from table 5.1, all w ord SOMs clearly outp erformed the

rather crude baseline similarit y measure, whether they had morphs or whole

con text w ords as features. This indicates that all the w ord SOMs that w ere

ev aluated succeeded in creating categorizations whic h surpass in qualit y an

en tirely random organization of the data.

The b est result w as yielded b y a w ord SOM with only ro ot morphs as

features. When also su�xes w ere added to features, the ev aluation results

seemed to sligh tly decline, but if the added su�xes w ere hand-pic k ed, the result

w as v ery close to the b est SOM v arian ts that used only ro ot morphs. If the

feature morphs w ere c hosen from the list of all morphs, the ev aluation results
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again w ould deteriorate. Ho w ev er, the ev aluation pro cess clearly sho ws that all

but one w ord SOMs that used morphs as features fared notably b etter in the

ev aluation than the traditional whole con text w ords -based w ord SOMs.

So wh y did the results decline when also su�x morphs w ere included in the

feature set, compared to using just ro ot morphs? And wh y did the w ord SOM

with su�x morphs alone as features fare as badly as it did? One answ er ma y

lie in the nature of the ev aluation measure itself. As explained previously , the

ev aluation algorithm uses as criterion the similarit y of part-of-sp eec h classes

of w ords. If part-of-sp eec h classes are used as the basis of ev aluation, and

if the ev aluation results get w orse when su�x morphs are in tro duced to the

set of features, it ma y b e that su�x morphs enco de some en tirely di�eren t

c haracteristic of w ords than their part-of-sp eec h class, making this particular

t yp e of ev aluation measure a p o or c hoice for ev aluating w ord SOMs with plen t y

of su�xes as features. It w ould indeed seem natural that an ev aluation measure

based on parts-of-sp eec h w ould fa v our w ord SOMs with ro ot morph features

and p enalize the use of su�xes, since usually it is the case that ro ots of w ords

carry the basic information on their part-of-sp eec h classes whereas pre�xes

and su�xes are mostly in v olv ed in pro ducing di�eren t in�ected forms of the

w ords. Of course, there are some a�xes that are also used in deriving new w ord

forms and they can also c hange the part-of-sp eec h of the original w ord, so this

distinction of ro ots marking part-of-sp eec h information and a�xes marking the

in�ection of a w ord is clearly an o v ersimpli�cation of the situation.

Another explanation ma y b e that not all of the Morfessor-extracted su�x

morphs that w ere used are of suc h great qualit y , ev en if they w ere in the

top 20 on the su�xes' frequency list. F or example, some of the top su�xes

w ere v ery short, comp osed of only one letter. Ev en if one-letter su�xes are

b y no means rare in the Finnish language � and man y of the high-frequency

one-letter su�xes w ere indeed completely acceptable Finnish su�xes � the

seemingly high frequencies of these su�xes do not necessarily re�ect their actual

frequencies in the data set. This is due to the fact that while the Morfessor

segmen tation to ol generally do es a great job on Finnish morphology , it can

sometimes get a bit carried a w a y with o v ersegmen tation, splitting also correct

but less frequen t longer morphs in to highly frequen t one-letter morphs. This

explanation seems to b e supp orted b y the observ ation that hand-pic king to

the feature set some longer morphs that w ere unlik ely to ha v e b een in v olv ed

in o ccurrences of o v ersegmen tation seemed to yield almost as go o d results as

using just ro ot morphs as features.

In terestingly , the ev aluation results also seem to v erify the h yp othesis that

using morphological information of con text w ords could indeed result in im-

pro v emen t of qualit y of w ord SOMs. Compared to the ev aluation results of
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54.76% and 54.43% of the traditional w ord SOMs based on whole con text w ords,

all morph-featured w ord SOMs (except for the su�x-features-only exp erimen t)

fared distinctly b etter in the ev aluation.

It is esp ecially in teresting to compare the t w o traditional whole-con text-

w ords-as-features w ord SOMs with those that had the 200 or 100 most fre-

quen t ro ot morphs for features, since w ord ro ots are in tuitiv ely m uc h more

closely related to whole w ords than are for example su�xes. Using w ord ro ots

as features instead of whole w ords do es indeed seem to greatly impro v e the

qualit y of a w ord SOM, at least according to this part-of-sp eec h -based ev al-

uation measure. This is ob viously due to the fact that when w ord forms are

morphologically segmen ted in to ro ots and a�xes, man y in�ected w ord forms

that w ere previously coun ted separately no w fall under the same w ord ro ot,

pre�xes and su�xes ha ving b een clipp ed o�. If, for example, the singular and

plural forms of a noun are no w reduced to the same ro ot, they no longer a�ect

the training of a SOM as t w o separate features but rather as just one (their

common ro ot)

3

. This means that, the redundan t singular and plural endings

ha ving b een remo v ed, the in�ected forms of this particular noun no w tak e up

less space in the feature set, resulting in the feature set b eing more �pac k ed�

with information. This, in turn, leads to b etter clustering of w ord forms in to

part-of-sp eec h -based groups on the w ord SOM.

Finally , when comparing w ord SOM pairs ha ving feature sets of di�eren t

sizes but with the same t yp es of features, there did not seem to b e m uc h

di�erences in the ev aluation results. In all four cases where there w as a pair of

exp erimen ts on a certain feature t yp e com bination (one with a set of around

200 features and the other with around 100 features), the di�erence b et w een

the ev aluation results of the pair w as not of great imp ortance. Lo oking at the

standard deviations of the results of the SOM pairs, it can b e seen that the

seeming sup eriorit y of the one or the other feature set size is probably just a

coincidence.

5.4 Conclusions

An ev aluation measure w as dev elop ed for automatically ev aluating w ord SOMs

during the task of �nding the b est morph feature sets for constructing w ord

SOMs with morph features. The metho d is based on comparing the part-of-

3

The su�x indicating the plural will of course also b e recognized as a morph, and if su�xes

are accepted in to the feature set then it w ould probably b e frequen t enough to b e c hosen for

feature, to o. But instead of coun ting separately singular and plural forms of high-frequency

nouns in the feature set, w e w ould no w ha v e just the ro ots of these frequen t nouns and one

or t w o (due to morphological v ariation in Finnish plural endings) features for plural su�xes.
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sp eec h information of the training w ords of a w ord SOM with the parts-of-

sp eec h of the w ords in the same or the immediately neigh b oring map no des,

and it uses a man ually classi�ed list of the 200 most frequen t w ord forms in

the whole c hildren's stories corpus as a basis.

As the results of the ev aluation exp erimen ts describ ed in this Chapter indi-

cate, utilizing Morfessor-extracted morphological information as features for a

w ord SOM do es indeed seem to impro v e the qualit y of the resulting w ord SOM.

All morph-featured w ord SOMs fared clearly b etter in the ev aluation than the

traditional whole con text w ord -based SOM.

Ho w ev er, not all morph-featured w ord SOMs scored equally go o d results.

Th us, when constructing w ord SOMs with morphological information as fea-

tures, it is imp ortan t to consider the t yp e of the morphs that are c hosen to

the feature set, and to try to �nd a com bination of the di�eren t morph t yp es

(ro ots, su�xes, pre�xes) that is optimal for the task at hand. It seems that

for the w ord SOMs of this Thesis, trained on the c hildren's stories corpus,

c ho osing only ro ot morphs to the feature set yielded the b est ev aluation re-

sults. When also a�xes w ere included in the set of features, the ev aluation

results displa y ed a sligh t declination. This ma y b e explained b y the nature

of the ev aluation measure that w as adopted, or p erhaps b y the qualit y of the

Morfessor-extracted morphs that w ere used as features.
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Chapter 6

Data analysis using the SOM

In this Chapter, the c hildren's stories corpus is analyzed from a few di�eren t

p oin ts of view b y using w ord SOMs with morph features. First, a w ord SOM

trained on the whole corpus is examined for emergen t w ord categorizations.

Some of the w ord categories that emerged from the w ord SOM on the whole

story data are studied in more detail, together with comp onen t plane images

of some features dominan t for the categories. Then, w ord SOMs are trained

on the stories of eac h of the three age categories, explained in Chapter 4, and

they are analyzed and compared to the w ord SOM on the whole corpus. The

ob jectiv e of this comparison is to study the di�erences and similarities in the

use of language of the stories told b y c hildren from di�eren t age categories.

6.1 Analysis of c hildren's stories data

F or analyzing the whole c hildren's stories corpus and its emergen t w ord cat-

egorizations, a w ord SOM w as trained with 220 Morfessor-extracted morph

features

1

. The feature set included the 200 most frequen t ro ot morphs in the

whole data set (lab eled �STM� b y Morfessor), as w ell as the 20 most frequen t

su�xes (lab eled �SUF�). F rom among the di�eren t feature set v arian ts ev al-

uated in Chapter 5, this particular com bination of ro ot morphs and su�xes

w as c hosen for the �nal analysis b ecause it fared quite w ell in the ev aluation,

and also b ecause a w ord SOM analysis with also su�x morphs as features w as

considered more in teresting than one with just ro ots.

As for the set of training w ords, the 200 most frequen t w ord forms in the

whole corpus w ere c hosen. The w ord SOM w as th us trained on 200 w ords, eac h

represen ted as a feature v ector with 440 features (the 220 feature morphs in

1

As in the ev aluation phase, the morphs w ere extracted with the Categories-ML v arian t of

Morfessor, whic h yielded the b est precision and recall on the c hildren's stories corpus when

compared to the Hutmegs Gold standard (see Section 4.4).
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b oth the left and the righ t con text of the training w ords). As in the ev alua-

tion phase (see Chapter 5), the map w as constructed using the SOM T o olb o x

pac k age (V esan to et al., 1999) for Ma tlab .

Figure 6.1 sho ws the U-matrix displa y of the resulting w ord SOM, with

the 200 training w ords pro jected on it. A blac k-and-white represen tation w as

preferred o v er a more colourful one to mak e more visible the w ords that the

map w as lab eled with. In the �gure, some clusters of w ords on the w ord map

ha v e b een highligh ted b y man ually dra wing circles with di�eren t colours around

them. These six clusters will b e examined in more detail in the remainder of

this Section.

Close to the lo w er edge of the map, to w ards the left corner, there is a cluster

of w ords highligh ted with red . This group of w ords con tains exclusiv ely nouns:

�k ettu� ('fo x'), �äiti� ('mother'), �prinssi� ('prince'), �hev onen� ('horse'), �t yttö�

('girl') and so on. More sp eci�cally , the cluster is comp osed of nouns whic h

are all in the nominativ e case and whic h are probably t ypical c haracters in the

stories of the corpus. The h yp othesis is that these story c haracter nouns, or

agent nouns, are probably used in the syn tactic role of sub jects in the sen tences

of the stories. The term �agen t� is used here to refer to en tities, usually animate,

that are capable of initiating or p erforming an action of some kind.

T o get a more detailed view on the linguistic con texts of these agen t nouns,

the comp onen t plane images of the most frequen t feature morphs w ere man ually

compared to the U-matrix. A n um b er of features emerged that seemed to b e

particular to the w ord forms mapp ed to this area in the lo w er left corner of

the SOM. The comp onen t plane images of some of suc h features can b e found

in �gure 6.2. The colours used in the images scale from dark blue, denoting

v alues that are close to zero, to red, marking high v alues.

F or example, it seems that the nouns in the agen t cluster w ere often pre-

ceded b y w ords that con tained the Morfessor-extracted ro ot morphs �iso/STM�

or �yksi/STM�. �Iso� is a common Finnish adjectiv e meaning 'big', and �yksi�

is a n umeral meaning 'one'. In the c hildren's stories corpus, and in an y use

of language of Finnish c hildren and y outh, the w ord �yksi� is also often used

adjectiv ally as a kind of an inde�nite article (whic h the Finnish language o�-

cially lac ks), with v ery similar seman tics as the English inde�nite article 'a' or

'an'. Both of these feature morphs are th us t ypical adjectiv al attributes of a

noun. There w ere also man y other noun attribute feature morphs found in the

left con text of the w ords in the agen t cluster, for example �pien/STM� (�pieni�

or 'small'), �pikku/STM� (also 'small') and �toin/STM� (�toinen� or 'other').

When lo oking at the features that dominated the righ t con text of the agen t

nouns, it b ecomes ob vious that these nouns really are used as sub jects in the

stories. The feature morphs found in the righ t con text included man y v erb
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Figure 6.1: The U-matrix represen tation of the w ord SOM on the whole c hildren's

stories corpus. Some clusters of w ords on the map ha v e b een man ually highligh ted.

See text for more discussion on the clusters.
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iso/STM-1 yksi/STM-1 lähti/STM+1

sano/STM+1 i/SUF+1

Figure 6.2: Comp onen t plane images of some feature morphs activ e in the agen t noun

cluster. F eatures found in the left con text of the w ord forms are mark ed with �-1�,

and features in the righ t side con text of the w ord forms ha v e a �+1� attac hed to the

feature name.

ro ots, for example the �läh ti/STM� ('he/she left') and �sano/STM� (�sanoi�,

or 'he/she said') displa y ed in �gure 6.2, as w ell as some conjugational endings

Morfessor extracted from v erbs, lik e the imp erfect tense su�x �i/SUF�.

In the upp er left quarter of the map in �gure 6.1, there is a group of w ords

highligh ted with a green circle. These w ord forms are all v erbs in the 3rd

p erson singular imp erfect tense: �lö ysi� ('he/she found'), �otti� ('he/she to ok'),

�juoksi� ('he/she ran'), �sanoi� ('he/she said'), etc. There also seems to b e t w o

subgroups inside this cluster: on the leftmost edge of the cluster, the v erbs

seem to b e transitiv e, i.e. they usually tak e a direct ob ject of some kind (for

example �tapasi� or 'he/she met'), whereas the rest of the v erbs seem to b e

more or less in transitiv e, i.e. v erbs that do not normally tak e direct ob jects

(for example �kuoli� or 'he/she died').

As with the agen t nouns, this cluster of imp erfect tense v erbs w as also

studied more closely b y examining the comp onen t plane images of some features

that w ere activ e in this area of the map. Some of suc h features can b e found in

�gure 6.3. In the left side con text of these imp erfect tense v erbs, there seemed

to b e mainly nouns, for example the ro ot �k arh u/STM� ('b ear') displa y ed in

the �gure, and also w ords that resem ble and replace nouns, i.e. pronouns lik e
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karhu/STM-1 se/STM-1

siihe/STM+1 en/SUF+1

Figure 6.3: Comp onen t plane images of some feature morphs activ e in the imp erfect

tense v erb cluster. F eatures found in the left con text of the w ord forms are mark ed

with �-1�, and features in the righ t side con text of the w ord forms ha v e a �+1� attac hed

to the feature name.

the feature �se/STM� ('it', or a slangy w a y of expressing 'he/she'). These

nouns and pronouns are ob viously w ords that w ere used as the sub jects of

the v erbs in this v erb cluster. Other features activ e in the left con text of

imp erfect v erbs included for example the ro ot morphs �äiti/STM� ('mother'),

�kissa/STM� ('cat'), �k oir/STM� (�k oira� or 'dog'), �pupu/STM� ('bunn y'),

�t yttö/STM� ('girl'), �noita/STM� ('witc h'), and so on.

If the left con text w as mainly dominated b y nouns, the righ t side con text of

the imp erfect tense v erbs seemed to ha v e more v ariation in features. A couple

of these features activ e in the righ t side con text are presen ted in �gure 6.3:

namely the ro ot morph �siihe/STM� ('(to) it' or '(to) there') and the su�x

�en/SUF�, a Morfessor-extracted morph marking the genitiv e case. In fact,

the features in the righ t side con text of the v erbs seem to b e what caused the

emergence of the t w o sub clusters of transitiv e and in transitiv e v erbs inside the

larger imp erfect tense v erb cluster; for example, these t w o example features
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ha v e quite distinct distributions as far as the imp erfect tense v erb cluster is

concerned. The feature �siihe/STM� seems to b e activ e in the area of the

in transitiv e v erbs, probably b ecause of expressions lik e �lensi siihe+n�, �kuoli

siihe+n� or �sanoi siihe+n�, quite frequen t in the c hildren's stories. The su�x

feature �en/SUF�, on the other hand, seems to b e esp ecially activ e among the

transitiv e v erbs, ob viously marking the genitiv e case in the direct ob jects of

these v erbs; �tapasi pien+en�, �v ei hev o+s+en�, �söi yhd+en�, etc.

A third in teresting cluster of w ords, highligh ted with the magen ta colour,

is lo cated near the upp er righ t corner of the map. These w ords all express some

kind of quan tit y: �k aksi� ('t w o'), �k olme� ('three'), �v ähän� ('little' or 'a little'),

�paljon� ('a lot') and �NUM�, denoting an y n umerals mark ed with n um b ers

('23') instead of letters ('t w en t y-three') in the c hildren's stories corpus. Notice

that there are also t w o other quan tit y w ords, namely �yks� and �yksi� ('one'),

lo cated at the b orders of the agen t noun cluster. The quan tit y w ords inside

the main cluster seem to b e c haracterized b y left con text features lik e linking

v erbs connecting a sub ject with its predicate (for example the copula v erb

feature �on/STM� or 'is', displa y ed in �gure 6.4), and righ t con text features that

in v olv e nouns in partitiv e case, for example noun ro ots �k arh u/STM� ('b ear')

(see �gure 6.4), �t yttö/STM� ('girl'), �hev o/STM� (�hev onen�, or 'horse') and

�ton ttu/STM� ('elf ') as w ell as partitiv e-marking su�xes lik e �a/SUF� (see

�gure 6.4), �ä/SUF� and �ta/SUF�.

The t w o quan tit y w ords �yks� and �yksi� lo cated outside the main quan tit y

w ord cluster, on the other hand, seem to ha v e quite di�eren t feature distribu-

tions. Ev en if these t w o w ords do seem to displa y activit y for noun ro ots in the

righ t side con text lik e the other quan tit y w ords (see for example the feature

�k arh u/STM� in �gure 6.4), they lac k the presence of other features c haracter-

istic of the w ords inside the main quan tit y w ord cluster. This is apparen tly due

to the fact that in the Finnish language, the syn tactic agreemen t b et w een the

n umeral �yksi� ('one') and the w ord it is asso ciated with is completely di�eren t

from the agreemen t of other n umerals. Lik e in English, 'one b ear' w ould b e

�yksi k arh u�, but in the case of 't w o b ear+s', the noun tak es a singular par-

titiv e case instead of plural nominativ e, �k aksi k arh u+a�. Also, when further

in�ection is in v olv ed due to for example the fact that the phrase is used as an

ob ject of some v erb, e.g. �näin k aksi k arh u+a� ('I sa w t w o b ears'), the distinct

b eha viour of the n umeral �yksi� tak es it ev en further a w a y from the usual lin-

guistic con text of other quan tit y w ords: �näin yhd+en k arh u+n� ('I sa w one

b ear'), with a genitiv e case instead of partitiv e or nominativ e.

Also, as w as noted in the analysis of some of the features activ e in the agen t

noun cluster, the use of the w ord �yksi� has ev olv ed in to something resem bling

a Finnish inde�nite article, at least in the more informal use of language. Used
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on/STM-1 karhu/STM+1 a/SUF+1

on/STM+1 mitä/STM-1 nyt/STM-1

Figure 6.4: Comp onen t plane images of some feature morphs activ e in the quan tit y

w ord cluster or in the this-cluster. F eatures found in the left con text of the w ord

forms are mark ed with �-1�, and features in the righ t side con text of the w ord forms

ha v e a �+1� attac hed to the feature name.

in this sense instead of its original n umeral meaning of 'one', the w ord �yksi�

is seman tically close to the Finnish inde�nite existen tial quan titativ e pronoun

�eräs�. This other meaning of `yksi�, quite common in sp ok en Finnish, naturally

con tributes to setting it apart from the other quan titativ e w ords found in the

c hildren's stories corpus, explaining their di�eren t lo cations on the w ord map.

Another in teresting cluster seems to ha v e emerged righ t in the middle of

the map. This cluster, highligh ted with y ello w and clearly separated from

all the w ord forms of the rest of the w ord map, con tains in�ected or slangy

forms of the w ord �tämä� ('this'). The comp onen t plane images (see �gure 6.4)

rev eal that in the c hildren's stories corpus, these w ord forms ha v e b een exten-

siv ely collo cated with w ords con taining particular morph features: �on/STM�

('is') b oth in the left and the righ t side con text, and �mitä/STM� ('what') and

�n yt/STM� ('no w') in the left side con text. These features seem to imply that

in the c hildren's stories corpus, there are some expressions in v olving the di�er-

en t forms of the w ord �tämä� that are t ypical for c hildren telling a story . F or

example, esp ecially with the y ounger c hildren, expressions lik e �toi on isäpilvi

ja tää on pikkupilvi� ('that one is a father cloud and this one is a little cloud'),

�täällä on lohik äärme� ('there is a dragon here'), �ja sitte tässä on sateenk aari�
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('and then, here there is a rain b o w'), �tämä meni k ertomaan isälle� ('this one

w en t to tell dad') or �mitä tämä on?� ('what is this?') are rather frequen t

2

.

Expressions in v olving these kinds of deictic references to extralinguistic ob-

jects and circumstances suggest that c hildren feel that the c haracters and ob-

jects in their stories are v ery close to themselv es, almost as if they w ere presen t

in the situation where the story w as told. This resem bles the w a y y oung c hil-

dren comm unicate their actions and feelings when they are pla ying together,

for example when they are pla ying house or assuming a role as one of their

dolls or action �gures. The c hildren seem to iden tify with the c haracters of

their stories m uc h in the same w a y that they iden tify with their c haracters and

dolls during pla y .

Finally , there are t w o separate but seman tically connected clusters of w ords

on the map, mark ed with blue and turquoise blue . The w ords in the cluster

highligh ted with blue are t ypical lo cation w ords that the c hildren used in their

stories. The group con tains b oth nouns, for example �k otiin� ('(to) home'),

�k auppaan� ('to store') or �metsään� ('to forest'), and also MA-in�nitiv e forms

of v erbs whic h w ere used in a w a y v ery similar to the lo cation nouns, lik e

�n ukkumaan� ('to sleep'), �sy ömään� ('to eat') or �k atsomaan� ('to lo ok'). The

cluster ev en has a few lo cational adv erbs, for example �tak aisin� ('bac k'), �ulos�

('outdo ors'), �sisälle� ('inside') and �p ois� ('a w a y').

The other cluster, not quite as coheren t on the map as the other clusters

but nev ertheless discernible, is highligh ted with turquoise blue, and the leftmost

part of it o v erlaps a bit with the cluster of imp erfect tense v erbs. The cluster

con tains in�ected forms of v erbs that express mainly the actions of going, com-

ing and b eing somewhere: for example �jäi� ('he/she sta y ed'), �menee� ('he/she

go es'), �tuliv at� ('they came'), �läh ti� ('he/she left') and �oliv at� ('they w ere').

These mo v emen t v erbs are exactly the kinds of v erbs that one w ould exp ect to

�nd in the left side con text of the lo cation w ords of the cluster mark ed with

blue. Also, vice v ersa, the righ t side con text of these v erbs probably should

con tain man y of those lo cation w ords.

Lo oking again at the comp onen t plane images of some features activ e in

these areas of the map, this seems indeed to b e the case. The left side con text

of lo cation w ords seems to b e dominated b y di�eren t mo v emen t v erb ro ot

features, for example the features �läh ti/STM� ('he/she left') and �meni/STM�

('he/she w en t') displa y ed in �gure 6.5, and also b y conjugational v erb endings

lik e �v ät/SUF� or �v at/SUF�. On the other hand, the features activ e in the

map area of mo v emen t v erbs include agen t nouns lik e �k arh u/STM� ('b ear') or

pronouns lik e �ne/STM� ('those', or slang for 'they') in the left con text, and,

2

These phrases are authen tic examples from the c hildren's stories corpus.
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lähti/STM-1 meni/STM-1 vät/SUF-1

ne/STM-1 pois/STM+1 maan/SUF+1

Figure 6.5: Comp onen t plane images of some feature morphs activ e in the lo cation

w ord cluster or in the mo v emen t v erb cluster. F eatures found in the left con text of

the w ord forms are mark ed with �-1�, and features in the righ t side con text of the

w ord forms ha v e a �+1� attac hed to the feature name.

as exp ected, lo cation w ords lik e the �p ois/STM� ('a w a y') or v erb MA-in�nitiv e

endings lik e �maan/SUF� in the righ t side con text (also displa y ed in �gure 6.5).

6.2 Comparison: Di�eren t age categories

As explained in Section 4.2, the c hildren's stories corpus w as divided in to three

age categories: stories from the 1 to 4 y ear-old c hildren, from the 5 to 6 y ear-

olds and from the o v er 6 y ear-olds. On the data in eac h age category , a w ord

SOM w as trained for comparison b et w een the di�eren t age groups and also

with the w ord SOM trained on the whole corpus. As b efore, all three maps

w ere constructed using the SOM T o olb o x pac k age (V esan to et al., 1999) for

Ma tlab .

F or these age category maps, a sligh tly smaller set of 170 features w as

adopted, due to the smaller amoun t of data in eac h age category (see Section

4.2). The feature set for eac h of the three w ord SOMs th us included the 150

most frequen t ro ot morphs and the 20 most frequen t su�xes in the stories

of the particular age category . Consequen tly , eac h w ord form in the training

62



CHAPTER 6. D A T A ANAL YSIS USING THE SOM

Age category F eature morph set Size of training w ord set

1 to 4 y ear-olds 150 ro ot morphs + 20 su�xes 158 w ord forms

5 to 6 y ear-olds 150 ro ot morphs + 20 su�xes 200 w ord forms

Ov er 6 y ear-olds 150 ro ot morphs + 20 su�xes 184 w ord forms

T able 6.1: The t yp es and sizes of the feature morph and training w ord sets for w ord

SOMs of eac h age category . The cuto� v alue for the acceptance of a w ord form in to

the training w ord set w as �xed at a minim um frequency of 30 o ccurrences.

w ord set w as represen ted as a feature v ector with 340 features (the 170 feature

morphs in b oth the left and the righ t side con text of the training w ords).

As for the set of training w ords, the n um b er of training samples dep ended

on the age category . Since the w ord form frequency coun ts of eac h of the three

age categories v aried, it w as decided to imp ose a frequency limit of a minim um

of 30 o ccurrences as a cuto� v alue for the acceptance of a w ord form in to the

set of training w ords. Th us, heeding this criterion, the training w ord set for the

story data in the category of from 1 to 4 y ear-olds included 158 w ord forms,

the category of from 5 to 6 y ear-olds had 200 training w ords

3

, and the category

of o v er 6 y ear-olds had 184. The sizes of the training w ord sets and the t yp es

and sizes of the sets of feature morphs for eac h age category are summarized

in table 6.1.

The U-matrix represen tations for eac h of the three age category w ord SOMs

can b e found in �gures 6.6, 6.7 and 6.8 resp ectiv ely . Again, the w ord clusters

disco v ered and presen ted in the previous Section ha v e b een man ually high-

ligh ted in the age category w ord maps, using the same colours as b efore. As

for an o v erall view on the three age category w ord SOMs, none of them seems

to ha v e a cluster structure quite as clear and distinctiv e as the w ord SOM on

the whole story corpus. This is probably due to the fact that with the corpus

divided in to age categories, the sets of training data in eac h category ha v e b e-

come m uc h smaller, and there is p erhaps not quite enough data for this kind

of an analysis. Nev ertheless, the same clusters of w ords that w ere observ ed in

the w ord SOM on the whole corpus seemed to emerge from the age category

maps as w ell, ev en if they w ere not as coheren t and clear as b efore.

Lo oking at the agen t noun clusters (highligh ted with red ) that emerged in

eac h of the three age category w ord SOMs, their con ten ts seem to b e roughly

the same. As in the �rst w ord map, the most imp ortan t family mem b ers are

presen t: �äiti� ('mother'), �isä� ('father'), �v auv a� ('bab y'), �t yttö� ('girl') and

�p oik a� ('b o y'). Also, there are sev eral t ypical fairytale c haracters, lik e �prin-

3

In this age category , there w ere more than 200 w ord forms with the minim um frequency

of 30 o ccurrences, so only the �rst 200 w ere included.
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Figure 6.6: The U-matrix represen tation of the age category w ord SOM on the stories

of c hildren aged from 1 to 4. Some clusters of w ords on the map ha v e b een man ually

highligh ted. See text for more discussion on the clusters.
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Figure 6.7: The U-matrix represen tation of the age category w ord SOM on the stories

of c hildren aged from 5 to 6. Some clusters of w ords on the map ha v e b een man ually

highligh ted. See text for more discussion on the clusters.
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Figure 6.8: The U-matrix represen tation of the age category w ord SOM on the stories

of c hildren aged o v er 6. Some clusters of w ords on the map ha v e b een man ually

highligh ted. See text for more discussion on the clusters.
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sessa� ('princess'), �prinssi� ('prince'), �noita� ('witc h') and �p eikk o� ('troll'),

as w ell as a whole host of animals, common in fairytales that man y Finnish

c hildren are told in their early y ears: �k arh u� ('b ear'), �susi� ('w olf '), �k ettu�

('fo x'), �jänis� ('rabbit') and so on. In the w ord SOMs of the t w o elder groups

of c hildren, the sets of training data also seemed to include some names: Ville,

Kalle, Vili, Iiro, Aku (Finnish for 'Donald [Duc k]'), Mikki (Finnish for 'Mic k ey

[Mouse]') and Olli

4

. T aking a closer lo ok at the frequency lists of the three

age categories, it seems indeed that the y oungest c hildren tended mostly not to

giv e names to the c haracters of their stories, whereas the t w o groups of older

c hildren did increasingly name their c haracters. Lo oking at the w ord SOMs on

the stories of the older c hildren, the w ord map on the stories of the c hildren

aged from 5 to 6 y ears has t w o names, and the w ord map of the o v er 6 y ear-olds

has a total of �v e.

An examination of the 3rd p erson singular imp erfect tense v erb clusters

(mark ed with green ) also rev eals in teresting di�erences b et w een the age groups.

The w ord SOMs on the stories of the t w o older groups of c hildren b oth con-

tain roughly 30 v erbs in this cluster, but the y oungest c hildren get along with

just 17 v erbs. It should b e k ept in mind, of course, that the set of training

data in the category of the y oungest c hildren con tained only 158 w ord forms,

whic h is less than for the other t w o categories. Ho w ev er, it seems that ev en if

more w ord forms had b een included, the y oungest c hildren w ould still ha v e had

considerably less v erbs in this cluster than the older c hildren. Th us, it can b e

concluded that the v ariet y of v erbs, or at least of v erbs in 3rd p erson singular

imp erfect form, that c hildren use in their stories seems to correlate with the

age of the c hildren.

Lo oking at the remaining highligh ted clusters of w ords, they seem to b e

m uc h the same in eac h of the three w ord SOMs. All maps ha v e a lo cation

w ord cluster (mark ed with blue ) with more or less the same t yp es of lo cation

w ords, and a quan tit y w ord cluster (coloured magen ta ) with the w ord forms

�yksi� and �yks� separated from the main cluster. As for the mo v emen t v erb

cluster ( turquoise blue ), its lo cation on the map seems to v ary dep ending

on the age group: in the w ord SOM of the y oungest c hildren, the mo v emen t

v erbs are almost completely in tegrated inside the main v erb cluster of imp erfect

tense v erbs, but with the older c hildren, the mo v emen t v erbs that are not in

3rd p erson singular imp erfect form seem to b ecome more and more separated

from the main imp erfect tense v erb cluster. In the w ord map of the o v er 6

y ear-olds, only the t w o mo v emen t v erbs that actually share the n um b er and

4

The rather high frequency of the name �Olli� in the corpus is probably explained b y the

fact that a p ortion of the stories w ere collected from c hildren at the Museum of Con temp orary

Art Kiasma, where they had just visited an exhibition b y Olli Lyytik äinen.
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tense of the v erbs in this main imp erfect tense v erb cluster, namely �meni�

('he/she w en t') and �läh ti� ('he/she left'), are lo cated inside the cluster, and

the other �v e forms of mo v emen t v erbs are clearly separated from the �rst

t w o. This seems to indicate that as the c hildren gro w older, they start to pa y

an increasing amoun t of atten tion to the correct agreemen t b et w een Finnish

sub jects and v erbs. With y oung c hildren, expressions with a singular v erb

follo wing a plural sub ject suc h as �ne meni k auppaan� ('they w en t to the store')

are frequen t, but the older c hildren seem to ha v e a tendency of using more often

the orthographically correct plural form, i.e. �ne meniv ät k auppaan� or ev en

the fully orthographical norm -conforming �he meniv ät k auppaan�.

Finally , there is y et another in teresting observ ation concerning the t w o latter

w ord SOMs trained on the stories of the older c hildren. The cluster of di�eren t

forms of the w ord �tämä� ('this'), highligh ted with y ello w , is v ery distinctiv e

in the w ord SOM trained on the whole story corpus and also in the w ord map

on the stories of the y oungest c hildren, but the w ord SOMs of the t w o older age

categories seem to lac k this cluster en tirely . The middle SOM on the stories

b y c hildren aged from 5 to 6 has only the w ord form �täällä� ('here') from

this cluster, and the last one do es not seem to ha v e an y of them. The fact

that these deictic, situation-dep enden t w ords did not mak e it in to the sets of

training w ords in the t w o categories of older c hildren suggests that the older

c hildren seem to rely less on suc h deictic expressions. It ma y b e that they ha v e

adopted a more abstract approac h to story-telling, whic h resem bles p erhaps

more the fairytale b o oks that they ha v e b een read to b y adults than the v ery

situational, concrete iden ti�cation with the story c haracters that w as observ ed

in the stories told b y the y oungest c hildren.

6.3 Conclusions

In this Chapter, the c hildren's stories corpus w as analyzed b y using w ord SOMs

with morph features. First, a w ord SOM on the whole story corpus w as con-

structed, and some of the w ord categories that emerged in this SOM w ere

analyzed in more detail b y lo oking at the comp onen t plane images of some

feature morphs from the feature set. These emergen t w ord categories included

for example clusters of agen t nouns, 3rd p erson singular imp erfect tense v erbs,

quan tit y w ords, lo cation w ords and mo v emen t v erbs, and also a cluster of dif-

feren t forms of the deictic w ord �tämä� ('this'). The study of the comp onen t

plane images rev ealed that these clusters usually had particular t yp es of feature

morphs activ e in their parts of the w ord map, and that morphs seem indeed

to b e v ery useful esp ecially in this kind of an analysis of a text corpus whic h

con tains plen t y of non-orthographical w ord forms.
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Next, utilizing the division of the story data in to three age categories, as

explained in Section 4.2, three age category w ord SOMs w ere trained on the

data in eac h separate sub category . These three w ord SOMs w ere compared to

eac h other and to the w ord SOM on the whole story corpus, and sev eral in ter-

esting di�erences w ere observ ed. The observ ations made in this Section could

b e of use for the researc h on the emergence of h uman linguistic comp etence

in small c hildren, as man y of them suggest that the w a y c hildren tell stories

and the expressions they use in their stories seem to c hange and ev olv e as the

c hildren gro w older.
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Chapter 7

Discussion

In this Chapter, the w ork p erformed in this Thesis is summarized, and a n um b er

of ideas for further dev elopmen t in the researc h area are suggested.

7.1 Conclusions

In this Thesis, a Finnish text corpus of c hildren's stories, collected using a

metho d called Storycrafting, w as analyzed with self-organizing w ord maps.

The main inno v ation of this w ork is the construction of w ord SOMs whic h

utilize unsup ervised morphological information as their features. The feature

morphs used in this w ork w ere automatically extracted from the c hildren's

stories corpus with an unsup ervised morphology induction metho d called Mor-

fessor, making this the �rst completely unsup ervised morphological information

-based SOM categorization of Finnish w ords.

The resulting w ord SOMs with di�eren t com binations of morph t yp es as

features w ere ev aluated on the c hildren's stories data against eac h other and

against t w o traditional w ord SOMs with whole con text w ords as features. The

ev aluation measure dev elop ed for this task utilizes the part-of-sp eec h informa-

tion of 200 man ually classi�ed w ord forms from the c hildren's stories corpus

as a basis, calculating a kind of a densit y score for the w ord clusters of a par-

ticular w ord SOM. The ev aluation results obtained b y this measure sho w ed

that using unsup ervised morphological information as features of a w ord SOM

clearly impro v es the qualit y of the SOM, at least when qualit y is measured as

the part-of-sp eec h -based densit y of the emergen t clusters. Also, of all the fea-

ture set v arian ts with di�eren t morph t yp e com binations (ro ots, pre�xes and

su�xes), w ord SOMs with only ro ot morphs as features seemed to yield the

b est results.

Finally , the c hildren's stories corpus, consisting of 2642 stories in Finnish

told b y c hildren aged from 1 to 14, w as analyzed from a couple of di�eren t
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p oin ts of view. F or the w ord SOMs in these analyses, b oth ro ot morphs and

su�xes w ere c hosen in to the feature sets. The inclusion of also su�x morphs

in to the feature sets w as considered to yield more in teresting analyses than

with just ro ot morphs as features.

First, a w ord SOM with 200 ro ot morphs and 20 su�xes as features w as

trained on the whole story corpus. Some of the w ord clusters that emerged from

this analysis w ere examined in more detail, using the comp onen t plane images

of t ypical feature morphs that w ere activ e in those areas of the w ord map. Then,

based on the age category division of the story data, three w ord SOMs with

150 ro ot morphs and 20 su�xes as features w ere trained on the stories in eac h

separate age category . These w ord SOMs w ere compared b oth to eac h other and

to the w ord SOM on the whole story corpus, and in teresting di�erences b et w een

the maps of the three age categories emerged. F or example, it w as observ ed

that the use of certain deictic expressions in the stories seems to decrease as

the c hildren gro w older, and that the older c hildren seem to pa y an increasing

amoun t of atten tion to the correct agreemen t b et w een Finnish sub jects and

v erbs. These kinds of observ ations on the stories of the di�eren t age categories

relate to the researc h on the emergence of h uman language abilities in c hildren.

In summary , this Thesis sho ws that it is p ossible to obtain go o d emergen t

categorizations of Finnish w ords using just unsup ervised metho ds. This w as

ac hiev ed using self-organizing maps with feature represen tations obtained with

the Morfessor morphology induction metho d. In addition, analyzing the c hil-

dren's stories corpus with the prop osed metho d yielded in teresting results on

the use of language of small c hildren.

7.2 F uture w ork

In the course of this w ork, sev eral ideas emerged for impro ving the self-organizing

map -based analysis and the metho ds used in this Thesis. These observ ations

ma y serv e as a go o d basis for future researc h in this area.

First, from the p oin t of view of the unique c hildren's stories corpus, it

w ould b e in teresting to implemen t the kind of analysis describ ed in Chapter

6 for y et new sub categories of the data. F or example, b esides the existing

age category division, the stories could b e divided in to categories according to

gender (stories b y b o ys and stories b y girls), or in to stories told b y an individual

c hild v ersus stories b y groups of c hildren. The analysis of the gender-divided

data could help understand the di�erences or similarities b et w een the stories,

w orlds and w a ys of thinking of y oung Finnish b o ys and girls, whic h could

b e of in terest and b ene�t for the study area of c hild researc h. On the other

hand, a separate analysis on the individual and group stories could rev eal some
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in teresting facts ab out group dynamics among small c hildren, and also ab out

the sp ecial c haracteristics of group stories when con trasted to stories told b y

individual c hildren of roughly the same age.

F urther, with regards to the ev aluation measure dev elop ed in this w ork for

the automatic ev aluation of w ord SOMs, it can hardly b e considered p erfect.

Curren tly , the measure just lo oks whether the w ords in the same or the neigh-

b oring map no des ha v e an y common parts-of-sp eec h with the w ord form under

examination. The measure could b e impro v ed b y for example making it re-

w ard cases where there are more than one common parts-of-sp eec h, since this

probably means that the w ord forms are more similar with eac h other than

those whic h only share one common part-of-sp eec h. A dditionally , the ev alua-

tion measure could also rew ard cases where there w ere lots of w ord forms in

the same or in the neigh b oring no des (a big cluster of man y w ord forms), and a

large prop ortion of these w ord forms had at least one part-of-sp eec h in common

with the w ord form at hand. This is based on the observ ation that the forma-

tion of bigger clusters with sev eral w ord forms ha ving common parts-of-sp eec h

probably implies a map of b etter qualit y than one whic h has lots of small clus-

ters with only a couple of w ord forms inside them, whether these mini-clusters

share common parts-of-sp eec h or not.

As for the construction of the new kinds of w ord SOMs with morph features,

there are sev eral impro v emen t ideas that could b e implemen ted and ev aluated.

First, the morph-featured w ord SOMs presen ted in this Thesis should p erhaps

b e trained and ev aluated on some larger sets of data. As fascinating as the

c hildren's stories corpus is, its size is not, at least for the time b eing, v ery large

(only a total of 198 036 w ord forms in the stories in Finnish). The new w ord

SOMs should therefore b e tested also on some other corp ora with millions of

w ord forms, to see whether the ev aluation results on the di�eren t feature set

v arian ts obtained in this Thesis still hold ev en for larger amoun ts of data, and

for data of di�eren t t yp es. With larger corp ora, a bigger amoun t of w ords could

also b e analyzed; in this Thesis, only the 200 (or less) most frequen t w ord forms

w ere c hosen for training samples and pro jection on to the resulting w ord SOMs,

since the use of more infrequen t w ord forms w ould probably ha v e lead in to the

sparsit y of data and the amoun t of noise in feature v ectores b ecoming an issue.

Also, the size of the con text windo w used for calculating the feature v ectors

could b e extended. Instead of lo oking at just the immediately preceding and

follo wing con text w ords, the con text windo w could encompass an area of t w o,

three or ev en more w ords in to b oth directions, or in to just one or the other

direction (for example, a con text windo w of three w ords from the left con text

but only t w o from the righ t side con text). Ev aluation tests could b e run on

morph-featured w ord SOMs with di�eren t sizes and t yp es of con text windo ws,
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in order to �nd the optimal con text windo ws in general or for the task curren tly

at hand.

F urther, it could b e in teresting to exp erimen t with the p ossibilit y of in-

cluding morphological information of the training sample w ord itself in the

feature v ectors. Instead of searc hing only the w ords in the con text for fea-

ture morphs, in this v ersion the morphs presen t in the morphologically seg-

men ted training w ord itself w ould also coun t in its feature represen tation.

It is di�cult to predict the e�ect, if an y , this kind of an approac h w ould

ha v e on the ev aluation results. It migh t b e that searc hing only for a cer-

tain t yp e of morphs in the segmen ted training w ord w ould pro v e to b e use-

ful. F or example, it migh t b e b est to consider only the su�x morphs of

the training w ord, giv en the fact that they usually ha v e a m uc h higher fre-

quency than e.g. ro ot morphs. This kind of an approac h migh t impro v e

the capabilit y of a w ord SOM in disco v ering seman tically similar w ord col-

lo cations lik e �the cat/STM purred� and �the cat/STM+s/SUF purred�, or

it migh t ev en result in detecting a no v el family of morph collo cations o ccur-

ring in consecutiv e w ords, lik e �talo/STM+n/SUF luo/STM+na/SUF� ('b y

the house'), �k a v eri/STM+n/SUF luo/STM+kse/SUF� ('to a friend's place')

and �auto/STM+n/SUF luo/STM� ('to the car'). Here, the genitiv e case su�x

morph �n/SUF� in the preceding con text w ord of di�eren t in�ected forms of the

p ostp osition �luo� ('b y') constitutes a kind of a morph collo cation with the ro ot

morph �luo/STM�, and the similarit y of these cases w ould b e recognized ev en

if none of the w ord forms ev er matc h completely (only some of their morphs

do).

Y et another w a y of impro ving the distinguishing p oten tial of the feature

set is using sets of morphs as features instead of individual morphs. A large

preliminary set of morphs could b e �rst organized in to a smaller n um b er of

morph subgroups, and eac h subgroup of morphs w ould then b e used as an

individual comp onen t in the feature v ector. The presence of feature morphs

in con text w ords w ould th us b e c hec k ed against a list of morphs in a certain

subgroup, not against individual morphs eac h o ccup ying their o wn comp onen t

slots in the feature v ector. This kind of grouping of similar morphs in to just

one feature w ould help reliev e the problem of data sparsit y and reduce the

dimensionalit y of the feature set. A �compressed� feature set of this t yp e w ould

also enable the utilization as features of a m uc h larger amoun t of individual

morphs than b efore, as items in the subgroups of morphs.

The morph subgroups needed for the creation of this kind of feature sets

could also b e constructed in an unsup ervised manner. Using the textual con-

texts of the morphs, a large amoun t of Morfessor-extracted morphs could b e

�rst organized automatically with a self-organizing map, a �morph SOM� with
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emergen t clusters of morphs instead of w ords. These morph clusters could then

b e regarded as the subgroups of the morph set, ready to b e used as comp onen ts

of a feature v ector for a w ord SOM with morph features. It migh t b e a go o d

idea to train a separate morph SOM for eac h morph t yp e: one for ro ot morphs,

one for su�xes and one for pre�xes

1

. In this w a y , w e w ould ha v e subgroups

of ro ot morphs (for example, the ro ots of seman tically similar mo v emen t v erbs

could again end up as one cluster) and subgroups of su�xes, all to b e used to-

gether as the comp onen ts of a w ord SOM feature v ector. Of course, it should b e

noted that the selection of optimal feature sets and other parameters for these

kinds of no v el morph SOMs is a whole di�eren t story , deserving a thorough

treatise of its o wn.

F rom the p oin t of view of the Morfessor metho d, the SOM-based orga-

nization of su�xes in to subgroups seems esp ecially in teresting. F or the time

b eing, Morfessor do es not recognize allomorphic v ariation, meaning that it do es

not for example understand that t w o suc h v erb endings lik e �-v at� and �-v ät�

(pro ducts of Finnish v o w el harmon y rules) could b e just the realizations or

allomorphs of a common morpheme �-vA t�, dep enden t on the v o w els of the

w ord they o ccur in. Could morph SOMs ha v e the p o w er needed to link to-

gether Morfessor-extracted morphs that are in a complemen tary distribution,

i.e. that are allomorphic v arian ts of the same underlying morpheme? In fact,

lo oking brie�y at some of the comp onen t plane images of su�xes used in the

data analysis of the whole c hildren's stories corpus in Chapter 6, the comp o-

nen t plane images of morph pairs that are probably in v olv ed in allomorphic

v ariation do indeed displa y promising similarities. Ev en if these are just morph

features of a w ord SOM and do not really ha v e an ything to do with morph

SOMs in prop er, these similarities do giv e some indications that the morphs

migh t indeed b e organized rather nicely in to clusters on a morph SOM. The

use of morph SOMs in impro ving the p erformance of Morfessor could th us b e

an inno v ation w ell w orth further examination.

1

Although pre�xes are so rare, at least in Finnish, that they could probably just b e

completely excluded from the feature set
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