Kielellisten merkkijonojen
kasittelyn erityispiirteista

Timo Honkela

Teknillinen korkeakoulu
Tietojenkasittelytieteen laitos
Adaptiivisen informatiikan tutkimusyksikko




Puhuijasta é

o FT (TKK 1998), dosentti (TKK, HY, TaiK)

» Kielikoneprojektin tutkija 1985-89

e VTT:n tutkija 1990-95

« TKK:lla 1995-1998, 2003-

« TaiK/Media Lab: 1998-2000, Gurusoft Oy 2000-02

» Johtava tutkija, vetaa kognitiivisten jarjestelmien
tutkimusryhmaa
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Vertailua

« KIELITEKNOLOGIA « MERKKIJONOMENETELMAT
— puhutun ja Kirjoitetun kielen - hahmonsovitus:
analysointi ja tuottaminen merkkijonohahmon

- foneettisen, leksikaalisen, etsiminen tekstista

morfologisen, syntaktisen, - merkkijonomuotoisen
semanttisen ja tiedon tiivistys
pragmaattisen tason

orosessointi - merkkijonojen manipulointi
inti

- sovellusalueita: tiedonhaku,

- sovellusalueita: tiedonhaku, tiedon tallennus

kayttoliittymat, oikoluku,
konekaantaminen
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Esimerkki: Perinteinen
konekaannosprosessi

source text
source text

i |

morphological analysis . . .
| morphaolagical analysis
anatysis 4 syntactic analysis '
|
L semantic and contextual analysis ana }'fﬁliﬁ o Sy ntactic Eﬂal‘l,l’SiS
|
internal reprasentation '
of source language ) .
| L semantic and contextual analysis
transfer 4
transfer to internal reprasentation l
of target language
' i internal representation
f contextual and semantic generation of source la nguage
| l
generation < syntactic generation transfer 4
{ transfer to internal representation
morphological generation 'Df 13 rgE’[ |EHQUEQE
target text - l
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Esimerkki: Perinteinen
konekaannosprosessi

analysis

transfer

source text

|

morphological analysis

|

E syntactic analysis

|

L semantic and contextual analysis

|

internal representation
of source language

|

transfer to internal reprasentation
of target language

- |
" contextual and semantic generation

|

P

generation « syntactic generation

|

morphological generation

}

target text

tranisfer F

generation -

internal representation
of source language

I

iransfer to internal representation
of target language

|

contextual and sernantic generation

'

syntactic generation

|

morphological generation

!

target text
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Oppiva ja hahmopohjainen
kieliteknologia

« Laadullinen edistys:

- Kasitellaan kielta sosiaalisena ja
nahmopohjaisena ilmiona

- Kehitetaan valineita, joilla pyritaan
erityisesti ymmartamisen tukeen

« Maarallinen tehokkuus:

- Kasin tehtavien resurssien sijasta voidaan laittaa
kone oppimaan: tuotetaan kieliteknologisia
resursseja taysin tai osin automaattisests
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Esimerkkitutkimuksia

Kielikoneprojekii

Morfessor: sanojen segmentoinnin
ei-ohjattu oppiminen

« WordICA: sanapiirteiden emergenssi

« Suomen Akatemialle osoitettujen hakemuksien
analysointi; mm. termien tilastollinen irrotus

e Tilastollinen konekaannos

 |ntersubjektiivisuus kommunikaatiossa
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Kielikone é

o Kayittoliittyma, joka ymmartaa sille kirjoitettuja
Kysymyksia ja komentoja

 Sitran rahoittama projekti 1980-luvulla

[perinteisia kalvoja 20 vuoden takaaj
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Morfeemien automaattinen
oppiminen tekstidatasta

« Mathias Creutzin ja Krista Laguksen kehittama
Morfessor-menetelma

* Menetelma rakentaa tilastollisin perustein mallin
sanojen jakaantumisesta osiinsa perustuen
annettuun opetusdataan
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Morfessor (Tietokone-lehti)

perjantair 3.6.2005 Klo 919
Sanat paloiksi tilastollisesli

Morfessor oppiil kielta maistelemalla

EEE W - LR Lo

Teknillisen korkeakoulun lisa - toime en tulo

Informaatictekniikan laboratoriossa on pid konttori
kehitetty menetelma seka Morfessor- sivu ratkaisu
tietokoneoh|elma, joka oppil sille pallo katso mo

annetusta tekstiaineistosta

automaattisesti analysoimaan sanojen todennakdisia
rakennuspalikoita. Tasta voi olla hyGtya esimerkiksi parempien
tulosten saamisessa netin hakukoneita kaytettaessa.

MERKKIJONOPAIVA 2009 TIMO HONKELA ALEKNOH OMIT 9002 AVIAPONOJIKKREM 13



Morfessor (Tietokone-lehti)

Internet-hakukoneet eivat yleensa hallitse vaikkapa suomen kielen
taivutusmuotoja, saati yhdyssanoja. Morfessonin el ole koodattu
minkaan kielen kielioppia, vaan kaytetty menetelma on oppiva ja
taysin tilastollinen. Ohjelmaa on toistaiseksi sovellettu
menestyksekkadsti suomen, englannin ja turkin kieliin.

Esimerkiksi suomenkielisestd aineistoista Morfessor-ohjelma on
oppinut, ettd suomen kielessa "ssa" on todennakaoinen paate, silla se
eslintyy yleisesti monissa sananmuodoissa ja paaasiallisesti sanan
loppupdassa (esim. "Sisilia + ssa”, "auto + ssa + han").
Kohdatessaan uuden sanan "Kaledoniassa" Morfessor-ohjelma osaa
siksi paatella, etta kyse luultavasti on paloista "Kaledonia + ssa".
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Ditferent kinds of languages
regarding morphology

Word tokens vs. word types

— 1 Finnish -~
o

= (.8}

-

=

= 0.6 g

2 0.4} y

= g

=02t English

2 4 6 8 10 12 14
Tokens [million words|

(Creutz, 2006)
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Morfessor é

* In the following, the basic principles behind the
Morfessor method (Creutz & Lagus, 2002, etc.)
for unsupervised morph segmentation are
outlined (mostly based on Creutz, 2006)
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Morphemes as smallest
meaningful units

- AN W W Bl N

lisa < toime ~en tulo{
paa B " konttori <~
sivu ratkaisu <

Palln%katsn— gl -
114 e afle - Aahda ¥ il
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Probabilistic modeling and maximum
likelihood (ML) optimization

Suppose that there is a family of simplistic models,
each of which consists of a lexicon of morphs.

Lexicons emerge from a stochastic process, where
letters are chosen by random

The alphabet consists of the 26 lower-case letters Iin
the English alphabet and of a morph separator (space)

For simplicity, all letters (including space) have an
equal probability
(Creutz, 2006)
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Probabilistic modeling and maximum
likelihood (ML) optimization

The lexicon is a morph collection in the sense that each
space-delimited string is a morph. The probability of the
lexicon depends on its size (the number of free
parameters in it). Some possible lexicons and their
probabilities are (Creutz, 2006):

P(Lexicon 1) = ()%

e
.Ef.

Lexicon] "a c e g i j 1l mmnop rt

H H 4T TH T T T e

# 1] i i i ; i _ i 1 '.31
Lexicon 2 "apple_juice lemon orange tree ', P(Lexicon?Z) = (5]

Lexicon 3 "apple_applejuice_appletree juice lemon lemontree

orange,_orangejuice_ , PlLexicon?3) = [%}“9
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Probabilistic modeling and maximum
likelihood (ML) optimization

P(Lexicon 1) = (%)

[ e
.EI,.

Lexicon] "a ¢ e g i j 1l mmnop rt

O e R e = S
' w i i n I ho 1431
Lexicon 2 "apple_juice lemon orange tree ', P(LexiconZ) = ()

Lexicon 3 "apple_applejuice_appletree juice lemon lemontree

orange,_orangejuice_ =, Pl(Lexicon?3) = L’%}'ﬂ

The larger the lexicon is, the higher the number of
nossible configurations is, and the smaller the

orobability is, that the lexicon actually looks exactly as it
nappens to do. Therefore, Lexicon 1, which is smallest, is
the most probable model, and Lexicon 3 which is largest,
IS the least probable model, a priori. (Creutz, 2006)
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Probabilistic modeling and maximum
likelihood (ML) optimization

Given these three models (lexicons), it is possible
to compute probabilities for a small data set,
namely the word list: “apple, orange, lemon, juice,
applejuice, orangejuice, appletree, lemontree”.

We continue to keep the task simple, and assume
that all morphs in a lexicon are equally likely to
occur. (Creutz, 2006)
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Likelihood with respect to the data

Data|Lexicunl ‘apple#orange#lemon#juice#ap
plejuice#orangejuice#appletree#len
ontree## The sequence consists of 69 morphs and its probability

Lexicon 1) = (i)™ =~ 7.1- 1072,

conditioned on Lexicon 1is: P(Data

Data | Lexicon 2 “apple # orange # lemon # juice # apple juice #
orange juice # apple tree # lemon tree # # . The sequence con-

sist of 21 morphs, and P(Data | Lexicon 2) = [G}Fljil ~4.6-10717,

Data | Lexicon 3 “apple # orange # lemon # juice # applejuice #
orangejuice # appletree # lemontree # # . The sequence consists

of 17 morphs, and P(Data| Lexicon 3) = [\ﬁ‘}” ~6.0-.10"17
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Probabilistic modeling and maximum
likelihood (ML) optimization

When the lexicons were compared according to their prior
probabilities the following ranking was obtained: P(Lexicon 1)
> P(Lexicon 2) > P(Lexicon 3)

If the lexicons are compared according to their likelihood with
respect to the data, the opposite ranking ensues: P(Data |
Lexicon 3) > P(Data | Lexicon 2) > P(Data | Lexicon 1)

Selecting the model that assigns the highest probability to the
data is called maximum likelihood (ML) optimization.
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Model selection

The proposed model selection procedure is based
on maximizing the posterior probability of the
model, P(Lexicon X |Data).

The posterior can be rewritten using Bayes’ rule:

P(Lexicon X) - P(Data| Lexicon X)
P( Data) '

P(Lexicon X| Data) =

(Creutz, 2006)
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Model selection

If the intention is to compare different models on
the very same data set, the probability of the data
IS a constant that does not affect the result of the
comparison.

Therefore, the probability of the data can
be ignored, and we obtain:

P(Lexicon X | Data) o< P({Lexicon X) - P(Data| Lexicon X).

(Creutz, 2006)
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Minimum description length (MDL)
(Rissanen, 1978, etc.)

Regardless of version, the fundamental idea of MDL is to
view data compression as the basis. Any regularity in data
can be used for compressing the data. Therefore, the more
compact description one can obtain for a data set, the more
regularity one has discovered and the more one has learned
about the data.

Another consistent theme in the MDL methodology is the
rejection of Bayesian prior probabilities. The Bayesian
approach leaves room for subjectivity.
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Recursive segmentation

Recursive segmentation. The search for the opti-
mal morph segmentation proceeds recursively. First,
the word as a whole is considered to be a morph and
added to the codebook. Next, every possible split of
the word into two parts is evaluated.

The algorithm selects the split (or no split) that
yields the minimum total cost. In case of no split,
the processing of the word is finished and the next
word is read from input. Otherwise, the search for a
split is performed recursively on the two segments.
The order of splits can be represented as a binary tree
for each word, where the leafs represent the morphs
making up the word, and the tree structure describes

the ordering of the splits. (Creutz, 2006)
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Recursive segmentation
and MDL cost

' = Cost(Source text) + Cost( Codebook)
= E — log plmy; ) + E fo L1y |
tokens ypes

(Creutz, 2006)
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Morfessor Categories-ML and HMM

Transition probabilities between morph categories
P(Cy|Cp) . P(Cp|Cy) . PG| Ca) P(Citayay | Cia)

Categories & G = Cr Ciny ) .
Emission probabilities ‘ Pluji| Cy) ‘ P(ug| Cp) Plujn| Cigy)
Morphs i1 M2 i,

Figure 3.3: The HMM model of a word according to Equation 3.8. The word
consists of a sequence of morphs which are emitted from latent categories.
For instance, a possible category sequence for the English word "unavailable™
would be “prefix + stem +suffix” and the corresponding morphs would be
“un + avail + able”.

(Creutz, 2006)
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Example

oppositio/STM + kansanedustaja/STM straightforwardness/5TM
op/NON  positio/'STM  kansanedusta/STM  ja/SUF straightforward/STM~ ness/SUF
kansan/STM edusta/STM straight'5TM  forward/STM
kansa/STM  n/SUF for/NON ward/5TM
a) (b)

(Creutz, 2006)

MERKKIJONOPAIVA 2009 TIMO HONKELA ALEKNOH OMIT 9002 AVIAPONOJIKKREM 30



Examples in Finnish

Baseline-Length

Categories-MAP

Hutmegs Gold Standard

aarre kammioissa
aarre kammioon
bahama laiset
bahama saari en
epa esteettis iksi
epatasapaino inen
haapa koskeen
haapa koskella
janille

jaadytta a kseen
ma clare n

nais autoilija a
paa aiheesta

paa aiheista
padhan

sano ttiin ko

ty0 tapaaminen
tohri misista

voi mmeko

| aarre kammio | issa

| aarre kammio | on
bahama laiset
bahama | saari en |
epa | [ esteet ti | 5] iksi
[epa [ [ tasa paino | inen | |
[mpa | koskee n] |

| haapa [ koske 1la ] |
jani lle

[ jaady ttaa | kseen
maclare n

| nais [autoili ja || a
paa [ aihe esta |

| paa [ aihe ista | |

[ pida héin |

[ sano ttiin | ko

tyo | tapaa minen |
tohri (mis istd)

| [ voi mme | ko]

aarre kammio [ ssa
aarre kammio on
bahama laise t
bahama saar i en
epaesteett is i ksi

epatasa painoinen

haapa koske en
haapa koske lla

jani lle
jaady tta a kse en

nais autoili ja a
paa aihee sta
paa aihe i sta
paa hén

sano {t i in ko
tyo tapaa minen
tohri mis 1 std
voi mme ko

(Creutz, 2006)
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Examples in English

Baseline-Length

Categories-MAP

Hutmegs Gold Standard

accomplish es
accomplish ment
beautiful ly
configu ration
dis appoint
express ive ness
flu s ter ed

mnsur e

insur ed

mnsur es

mnsur ing

long fellow s
master piece s
micro organism s
photograph ers
re sided

re side s

re s id ing

un expect ed ly

| accomplish es |

| accomplish ment |

| beautiful Iy |

[ configur ation |
disappoint

| expressive ness |

| fluster ed |

insure

| insur ed |

| insure s |

| insur ing |

[ [long fellow | s |

| [ master piece] s |

| micro [organism s | |
[ [ [ photo graph] er] s |
resided

| reside s |

[ re siding |
[[un [ expect ed ] ] Iy |

accomplish es
accomplish ment
beauti ful ly
con figur ation
dis appoint
express ive ness
fluster ed

in sure

in sur ed

in sure s

in sur ing
master piece s
micro organ ism s
photo graph er s
resid ed

reside s

resid ing

- (Creutz, 2006)
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WordICA é

 Menetelma sanapiirteiden automaattiseen
tuottamiseen riippumattomien komponenttien
menetelmaa (independent component analysis,
ICA) kayttamalla (Honkela & Hyvarinen 2004,
Vayrynen, Honkela, Hyvarinen 2005, jne.)
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|CA-menetelmasta

The classic version of the ICA model can be expressed as
x = As (1)

where x = (x4, ra, ..., ;*n_”_lr is the vector of observed random
variables, the wvector of the independent latent variables is
denoted by s = (sy,53,...,5,)7 (the “independent compo-
nents”), and A is an unknown constant matrix, called the

mixing matrix. If we denote the columns of matrix A by a;
the model can be written as

o

=Y as, (2)

i=1

The goal in ICA is to learn the decomposition in Eq. (1) in

an unsupervised manner. That is, we only observe x and want
to estimate both A and s.

(Honkela & Hyvarinen, 2004)  (Hyvarinen, Karhunen & Oja, 2001)
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Word-context input matrix

2000 conlex! words

arc that was will
a
100 ! : - L
ndex  papers | 401 - ':ij - 167 o5 720
woras - . : :
VOLT
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Word ICA

G [ 8 9 10
a the neural their will
the an | computational our can
and and cognitive your may
or or network my should
their | their adaptive learning | would
its its control research mist
your are learning processing did

Fig. 12. The most representative words for the last five features (components).
in the order of representativeness, top is highest.

(Honkela & Hyvarinen, 2004)
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Word ICA: example

] I | |
T I -.-Il ] ea} I

e | o - H 3 -. . —_—--
' 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

& 1 a : i 1 ] I | F - 1

1
1 H i I 4 T 1 ] T

Fig. 4. ICA features for "models™ and “problems”.

(Honkela & Hyvarinen, 2004)
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Word ICA

04

Comparison
with SVD/LSA s

Effect of sparseness
and meaningful
emergent components

Data: TOEFL tests

—svd

— svd72thres

— svd18thres
ica72thres

—icalBthres

0.05

| 1 | 1 | | 1
0 10 20 30 40 50 60 70 80
active dimensions

(Vayrynen, Lindqvist, Honkela 2007)
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precision

0.4

0.35

0.3

0.25

0.2

0.15

0.1

0.05

SVD

svd
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svd18thres i
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ical8thres
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Suomen Akatemian
hakemuksien analyysi é

 Tarkoituksena oli selvittaa, miten automaattisilla
tekstinlouhinnan menetelmilla voitaisiin
toteuttaa hakemusten sisaltoanalyysi ja tutkia
mm. hakemusten monitieteisyytta

(Honkela ja Klami, 2007, julkaisumaton)
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Menetelmakaavio

/ - " - - \
Interdisciplinarity
reference !_anguage g analysis )
COrDUS independent §
P Likey statistical Category analysis
keyphrase
extraction
Evaluation support

v
Academy

applications
%ﬁ—»
NSF

applications
\/

SOM /
mixture
model

Applications
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Termien valintaprosessi

 Hakemustekstien esikisittelyssa:
~ poimittiin automaattisesti englanninkieliset osuudet

- poistettiin valimerkit ja muunnettiin tekstit pienaakkosille

* Merkitykselliset termit poimittiin teksteista:
— hyodyntdamalla referenssikorpusta (EU-parlamenttitekstit)

- soveltamalla entropiamittaa, joka kertoo termien
erottelukyvysti

* Lopuksi termiehdokkaat kdytiin kdsin ldpi ja
valittiin 1200 termia
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Raakatermit eli yleisimmat
sanat ja fraasit

the 1276847 of the 237053 university of helsinki 17784
of 1067918 in the 139990 of the research 13902

and 817852 university of 73841 as well as 13638

in 625330 will be 72631 the university of 12286

to 357453 to the 48573 of the project 12140

for 225307 on the 48522 academy of finland 11365

1s 205723 and the 47784 university of technology 9213
on 162509 for the 44311 member of the 7932
research 157251 the research 34639 in order to 7270

be 151475 at the 34019 university of turku 7092
with 136854 the project 32963 the academy of 6717

will 135992 et al 29326 university of oulu 6673

as 122707 from the 26554

are 116508 department of 25568 _

by 113878 with the 25087 the acade.:my Qf finland 6490
university 98003 to be 24870 at the university of 5994

helsinki university of technology 5118
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Termien sijalukuvertailua:

hakemukset versus Europar!

1. the 1276847
2. of 1067918
3. and 817852
4. 1n 625330
5.to 357453
6. for 225307
7. 18 205723
8. on 162509
9. research 157251
10. be 151475
11. with 136854
12. will 135992
13. as 122707
14. are 116508
15. by 113878
16. university 98003

the
. of

2023617
945622
883206
717718
611421
473739
445775
445119
305590
296092
290412
286924
274614
251343
246917
197082
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Sijalukuvertailun avulla
tehty valinta

university institute molecular species experimental

finland prof oulu scientific techniques

finnish e.g models graduate research project

studies professor publications team ph.d

helsinki researcher gene results factors

et analysis studied genes expression

al doctoral theory proteins materials

et al methods tampere physics knowledge

department phd researchers biology jyvaskyla

study turku protein model measurements

project data chemistry collaboration material

research dr properties applications surface

academy students student engineering program

cell journal using related structure

thesis school forest interaction helsinki

cells ja pp novel university

science design Processes theoretical activity

laboratory technology sciences experiments articles
physical
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Entropiamitan mukainen

jarjestys

0.0299 3578 13
0.0661 3728 5

0.1138 3898 11
0.1491 2053 20
0.1743 321518
0.2004 3702 24
0.2017 3699 27
0.2218 3539 26
0.2450 2132 83
0.2789 3449 61
0.2860 2701 71
0.2917 3917 64
0.3493 3278 21
0.3628 2334 86
0.3751 2518 91

0.3846 3097 26
0.3934 997 52

XXXXXXX
XXXX

XXXXXXXX XX
XXXXXXXX

XXXXXXXXX

algebras

XXXXX XXXXXXX
cellular neural

Ccmos

circuit design

vlsi

symposium on circuits
XXXXXXXX

splicing

on circuits

XXXXXXXX
XXXXXXXXXX

0.4143
0.4212
0.4362
0.4377
0.4395
0.4445
0.4449
0.4717
0.4784
0.4797
0.4821
0.4933
0.4942
0.5449
0.5544

3631 28
3109 30
3812 5

2426 29
2625 31
3248 36
2849 26
1115 60

2868 58
1744 48
1848 38
3602 8

2785 24
3736 62
1638 86

photogrammetry
cnn
XXXXXXX
knip

p38

ion exchange
XXXX XXXXX
XXXXXXXX
on-chip
XXXXXX
XXXXXX
XXXXXXXXX
XXXXXX
cdma

social work
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Kasin tehty karsinta

algebras photogrammetry Karsintakriteerit:
cellular neural cnn e

: - henkilonimet
CMos knip
circuit design p338 - kaupunkien nimet
visi ion exchange . .
symposium on circuits on-chip - organisaatiot
splicing cdma - fraasifragmentit

(“researchers will”)

1331 = 1200 termid (9,8% poistettu) - numerot (“11”, tms.)
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S4G0 5320 400 5400 5400 S400 5400 5400 5400 S410 5400 5410 5400 5400 5410 5400 5410

S450 5400 5540 5400 5400 5400 S400 5400 5400 5410 5410 5410 5410 5400

5450 5460

5520

5450 5400 5400 5400 5470 5400 5400 5400 5400 5400 5400 S400 5400 5400 5400 5410 5410 5510 5400
S350 S400 5400 S200 5400 5470 5400 5400 5410 5400 S400 5400 5320 5400 450 5400 5400 400 5410 5470 5410 S470 3410
5520 5490 5400 5150 5400 5400 5400 5470 5470 5400 5400 5400 5400 5400 5410 5400 5410 5400 5410 5410 5400 5410
5540 5520 5400 5410 5400 5470 5400 5470 5400 5320 5400 5400 5410 5400 5400 5400 5410 5400 5470
G490 5470 5470 5470 470 5400 5470 5470 3 400 S400 5400 5410 5470 5410 5400 5410 410 5410 5470
5400 S350 5470 5490 5400 5490 5400 S400RE400 5400 5400 5400 5400 5400 5400 5400 5400 5400 5410 5470
S40 470 5450 5490 5400 5470 5250 5400 5490 5490 5470 S400 410 5410 5400 G250 5400 5400
470 S490 490 3470 5470 G490 5470 5470 w470 w410 S400 5410 5410 5410 5400
5410 5530 5530 5200 5470 5490 5490 5490 5470 5470 5400 5460 5460 5400 5410 5410 5410 5190 5160
140 450 G490 5310 5490 490 5470 5200 490 450 5400 5410 190 5190 5190 5190
490 3310 G490 5490 5190 5470 140 3210 3190 5190 5190
5470 5490 5270 5490 5470 5470 5490 5200 5200 52000 52000 5210 5190 5190 5140 5140 5150 5210 51490
290 3320 530 490 5140 470 5490 5490 200 5220 5190 5210 190 3190 5190 5190
5310 490 470 5100 5470 5200 5160 5200 270 190 5150 5190 5190 5190
5250 5150 5510 5500 S44a0 5200 5150 5150 5150 5150 5190 5190 5490
5190 5210 5190 5470 5270 5100 190 S150 5150 5150 5140 5150 5150 5150 5190 5190 5140
5280 5310 5310 5160 52000 5900 5100 5130 5130 5130 5150 5150 5140 5140 5190
5200 5200 5100 5100 5130 5130 5130w 14 5148y 5140 5140 5160 5220 5220
5110 5230 5100 5130 5140 51350 140 5 5140 S140 5220 5220
5220 5100 5140 5150 514 a0 5140 5140 5190 5220 5220
200 52200 5100 S140 3140 5140 5140 5140 5150 5230 S3E0 5220 5140
5140 5180 5130 5150 5230 5180 5220 5220
S1400 5110 5120 3120 5120 1z0 210 190 3350 5350 5220
230 5110 S110 3120 5120 5120 5120 54350 5210 5210 5190 3160 10
5230 5110 5110 5120 5120 5230 5170 5120 5210 5110 5160 5170
250 5110 5110 230 3120 5210 3210 5210 5170 5170 3160 5160
270 3110 5110 1490 210 5230 5210 3210 5210 5210 5170 5430

5110 5110 5110 5120 5120 5120 5270 5210 5210 5270 5170 5170 5170 5170

KY = kulttuurin ja yhteiskunnan tutkimus, LT = luonnontieteiden ja tekniikan tutkimus,
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Fi-rm“ Biok Eiok ‘ Biok Eiok Biok Biok Biok Biok Eiok Biok Biok EBiok Biok Biok Eiok Eiok Eiol

Farm Eiok Eiok Biok Eiok Eiok Eiok
Farm Fatm

Biok Biok

Eli  Eli Kl
Eiok Eiok Elii
Saly
Saly

Soly

. Biok EBiok Biok

Eli Biok Eiok Eiok Biok Eiok
Biok Kli Eiok Eiok Soln Biok
Eli  Kli Eio
Eiok  Klii

Eli EBiok Kli EKli EBiok Biok Biok EBiok Eiok Eio

Eiok ik iiok Biok Eiok Eiok Eiok Eiok

Eiok  Klii Elii Eiok

Kli Kl Eli Kl Elii Saly

;. Solu Biok Solu Eiok Eiok Solu Biok Solu
Biok Solu Saly Solu Saly Eiok
B olu Soly EBiok

Solu Elii Solu Eli  Salu

Solu Biok Eiok
i Solu Eli Sole Biok Solu Solu Solu Kl
ok Biok Biok Eiok Biok Solu Elii
Soly Solu Eiok Eiok Eiok

Biok Solu Solu Solu Eiok

Elii Elii Elii Biok Farm Farm Bio Solu Saly

Elii Farm Eiok Solu

Klii
Klii
Klii

Klii
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Tilastollinen konekaanno

Source Language Text

[ Transformation ]

A

’ D 5 (le |) Lexicon Model
) r e EE =R um u
Global Search: « LRaN Kaan n08m3.| Il
| 0o Alignment Model
maximize Pr(e,)- Pr(file;)
[
over e Pr(e! . . .
! « r(e1) Language Model Klellmal Il
.\, w

3

[ Transformation ]

|

Target Language Text
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Suomen kielen haastavuus
konek

adnno

ksen kohdekielena

Philipp Koehn. Europarl: A Parallel Corpus for Statistical Machine

Translation. MT Summit 2005.

Source larget Lang

Language da el en es it nl pt SV
da - 21,1 | 285 | 264 242 | 214 ) 2435 | £8.3
de 22.3 2007 | 253 | 254 203 234 | 232 | 205
el 22.7 - 27,2 | 31.2 208 | 2000 | 276 | 21.2
ern 25.2 23.2 - 30.1 23.3 | 2L0 | 271 | 2438
es 24.1 28.3 | 30.5 - 32.3 214 | 358 | 239
r 23.7 26.1 | 30,0 | 38.4 324 211 | 353 | 226
i 20.0 18.2 218 | 21.1 18.3 17.0 | 19.1 18.8
it 21.4 248 | 27.8 | 34.0 - 20.0 | 31.2 | 20.2
nl 20.5 17.4 23.0 | 229 20.0 - 207 | 190
Pt 23.2 26.4 | 30,1 | 37.9 32.0 | 20.2 - 21.9
SV 30.3 228 | 30,2 | 286 239 | 219 | 259 -

Table 2: BLEU scores for the 110 translation systems trained on the Europarl corpus
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Morphologically rich languages @

e Language may contain many word forms that are
not present in the training corpus
(“elainladkintaviranomaisetkin®)

« Automatically learned segmentation with Morfessor

- morph = statistical morpheme (only segmentation, no
lemmatisation)

- elain + laakinta + viranomais + et + kin

« Application in SMT: all models are created using
morphs rather than words
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Elintarvikeviraston sijainnista on keskustelu paljon.

elint  tarvike+ —m  livsmedels+
virasto+ n [———m byran+ S
sijai+ nnista - siite
on ——- ar
keskus+ telu mycket
paljon ><: debatt
——~

livsmedelsbyrans sate ar mycket debatt .

(Virpioja, Vayrynen, Creutz, Sadeniemi, 2007)
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Effect of Morfessor on BLEU é

—da| —fi | — sv
da — -0.60 | -0.52
fi— | -1.23 -2.14
sv — | -0.46 | -1.14

Table 7: Absolute changes in BLEU scores from word-

based translations to morph-based translations. The max-
imum phrase length was 7 for words and 10 for morphs.

4-gram language models were used for both.

(Virpioja, Vayrynen, Creutz, Sadeniemi, 2007)
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Effect of Morfessor on OOV words

word / morph | — da — fi — SV
da — 128/31 | 74 /12
fi — 189 / 41 195 / 44
SV — 76 /21 ] 132/ 42

Table 9: Number of sentences not fully translated out of
1000 with word-based and morph-based phrases. The
numbers were the same with all of the tested language mod-
els and maximum phrase length combinations.

(Virpioja, Vayrynen, Creutz, Sadeniemi, 2007)
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Experiment in perception-based
translation

 We conducted an analysis of some tens of
thousands of images and associated words

« The description was either in English or in French

* Through detection of the similarity of images we
were able to find automatically correspondences
between English and French words visible in the
Images, such as 'crayon’' — 'pen' and 'pencil’

(Sjéberg, Viitaniemi, Laaksonen & Honkela, 2006)
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Intersubjektiivisuus
kommunikaatiossa

computation

computation
00

. Subjectivity of
computation . /
g - Interpretation
< =)

Meaning
negotiation
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General communication system and
measuring information (Shannon & Weaver)

INFORMATION

SOURCE TRANSMITTER RECEIVER DESTINATION
> > >
SIGNAL ' RECEIVED
SIGNAL
MESSAGE MESSAGE
Noisy channel model NOISE = -2 pjlog p;
SOURCE
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Weaver on Shannon

“Relative to the broad subject of communication, there seem to be
problems at three levels. [...]

- LEVEL A. How accurately can the symbols of communication be
transmitted? (The technical problem)

- LEVEL B. How precisely do the transmitted symbols convey the
desired meaning? (The semantic problem)

- LEVEL C. How effectively does the received meaning affect
conduct in the desired way? (The effectiveness problem)”

“The semantic problems are concerned with the identity, or
satisfactorily close approximation, in the interpretation of meaning by
the receiver, as compared with the intended meaning of the sender.”

(1949, p. 4)
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Modeling distributional similarity:
word space models

» Word space models represent meaning as points
or areas in a high dimensional vector space

- Self-Organizing Semantic Maps (Ritter and Kohonen 1989)
- LSA (Landauer & Dumais 1997)

- HAL (Lund & Burgess 1996)

— Conceptual spaces (Gardenfors 2000)

- Word ICA (Honkela, Hyvarinen & Vayrynen 2004)

— efc. efc.
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Distributional hypothesis g

« Two words are semantically similar to the extent
that their contextual representations are similar
(Miller & Charles 1991)

 The meaning of words is in their use
(Wittgenstein)
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Simple challenge: Color naming

White
gaturation %
Hue l g
Human vision: rods, cones.,...
Physical reasons for color red wine g o
. . i —» ardain
Contextuality of naming red skin __
red shirt —» Gardenfors
66
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Theory of
Intersubjective Meaning Spaces (IMS)

- - shared _
concept . context/ | [ concept
-' EI:'E'E-'E_I . ._ situation / | EuFl'E'I:'E1
symbol A | ' . /" symbol
space - |\ space,
' signal i T '
embodied agent, A embodied agent,

(Honkela, Kondnen, Lindh-Knuutila & Paukkeri, 2008)
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IMS: Theoretical framework

Agent’s internal view of its context, the concept space

The concept space is spanned by a number of features.
Dimensionalities of the concept spaces can be different for each agent
Therefore, we denote the features used by agent 1 f!, i=1...N
Similarly, agent 2 uses features f2,i=1...M

Thus, the concept space of agent 1 is an N-dimensional metric space C'1,
and for agent 2, C?

(Honkela, Kondnen, Lindh-Knuutila & Paukkeri, 2008)
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IMS: Theoretical framework

e In the framework, there exist two distance measures, namely w and A, w
gives a distance between two points inside the concept space of the agent,
le w:C'xC"—=R,i=1,2,

e \ gives a distance between two points in the concept spaces of the different
agents, i.e. \: C' x C9 — R,i £ j

e The symbol space S* of agent 1 is its vocabulary that consists of discrete
symbols

(Honkela, Kondnen, Lindh-Knuutila & Paukkeri, 2008)
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IMS: Theoretical framework

e An agent 7 has an individual mapping function £* that
maps the symbol s* € S* to C"

e An agent i expresses each symbol s' € §' as a signal
d in the signal space D

e We assume that the signal space D is multidimen-
sional, continuous and shared between the agents

e However, each agent ¢ has an individual mapping fune-
tion ¢' from its vocabulary to the signal space, i.e.
¢+ S — D and an inverse mapping ¢! from the
signal space to the symbol space

e In the single-agent communication model, the sender
is communicating with the receiver but it has only its
own conceptual space available
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IMS: Theoretical framework

e The sender, agent 1, selects a symbol that corresponds
best to the current context by the means of its own
conceptual model

e Therefore this model can be seen as an optimal deci-
sion problem.

e Let us denote the symbol agent 1 selects and com-
municates to agent 2 as s* and the features agent 1
observes corresponding to the current context as f*'.
Then agent 1 selects the symbol that corresponds the
current observations best by the means of some dis-
tance measure w

(Honkela, Kondnen, Lindh-Knuutila & Paukkeri, 2008)
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IMS: Theoretical framework

e One suitable choice for w in that case is for example
Euclidean distance

e Formally this can be represented as in Eq. (1)).

s* = arg min w(f", ¢ (s)) (1)

e After symbol selection process. agent 1 communicates
the symbol s* to agent 2, i.e.:

d = o'(s*) (2)

(Honkela, Kondnen, Lindh-Knuutila & Paukkeri, 2008)
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IMS: Theoretical framework

T i . . _.-.} B -
¢ When agent 2 observes d, it maps it to some s° € S?
by using the function ¢—2

¢ Then it maps the symbol to some point in its concep-
tual space by using &2

(Honkela, Kondnen, Lindh-Knuutila & Paukkeri, 2008)
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IMS: Theoretical framework

e If this point is very near of its own observation f2,
we can say that the communication process has suc-

ceeded

e NMathematically this is as follows:

1€2(072(d)) — f2|| < e, (3)

norm in C2.
(Honkela, Kondnen, Lindh-Knuutila & Paukkeri, 2008)
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IMS: Theoretical framework

e The two-agent model relates to the single-agent model
very closely but now the sender has some estimate of
the receiver’s conceptual space available

e This model can be learned from communication sam-
ples or it can be known a priori

e The symbol selection process is formally given in Eq. (4

" = arg min )i(fl,fg(ﬁ)} (4)

s 52

(Honkela, Kondnen, Lindh-Knuutila & Paukkeri, 2008)
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IMS: Theoretical framework

e In this equation, £° is the model of the receiver

e Note that also the vocabularv of the receiver can be
unknown and should be estimated by S?

(Honkela, Kondnen, Lindh-Knuutila & Paukkeri, 2008)
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IMS: Theoretical framework

e As the dimensionalities of the conceptual spaces C!
and C? can be different, we should use some special
method to calculate the distance between points in
these two spaces

e Dynamic programming and neural networks may pro-
vide solutions to this task

e A neural network solution for the general case when
agents have different representations for the same phe-
nomenon has been considered for a supervised learn-
ing task by Laakso and Cottrell (2000) and for un-
supervised learning by Raitio, Vigario, Sarelda and
Honkela (2004)
(Honkela, Kondnen, Lindh-Knuutila & Paukkeri, 2008)
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IMS: Theoretical framework

e Other parts of the communication process remain the
same as in the single-agent case

e As agent 1 utilizes the explicit model of agent 2, the
symbol selection problem can be seen as a game the-
oretical problem
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IMS: Theoretical framework

e Asan example related to the vocabulary problem, two
persons may have different conceptual or terminolog-
ical “density” of the topic under consideration

e A layperson. for instance, is likely to describe a phe-
nomenon in general terms whereas an expert uses
more specific terms

e In our framework. symbols generate clusters in the
conceptual spaces of the agents

(Honkela, Kondnen, Lindh-Knuutila & Paukkeri, 2008)
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Emergence of a coherent lexicon in
a community of interacting SOM-based agents

Lindh-Knuutila, Lagus & Honkela, SAB'06

Related to e.g. Steels and Vogt on language games
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Practical consequences

The traditional notion of uncertainty in decision making does
not cover the uncertainties caused by differences in
conceptual systems of individual agents within a community

In many transactions, including symbolic/linguistic
communication, the differences in the underlying conceptual
systems play an important role

Serious efforts have been made to harmonize or to standardize
the classification systems or ontologies used by agents

Even if standardization 1s conducted, there can not be any true
guarantee that all participating agents would share the
meaning of all the expressions used 1n the transactions in
various contexts
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Language as a complex
phenomenon

» A large proportion of modern human activity in its
different forms (science, industry, society, culture,
etc.) is based on the use of language

* There are at least 6000 languages in the world and
many more dialects

» Each language has the order of 10° to 10 different
word forms

« Each word is understood differently by each speaker
of that language at least to some degree
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