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CoCoCo

- Collocations, Colligations & Corpora project
aims to develop methods for extraction,
classification and analysis of multi-word

expressions (MWEs).

* University of Helsinki, team-leader M. Kopotev
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CoCoCo

* Motivation: grammatical profiling

(Gries, Divjak (2009); Gries (2010); Janda, Lyashevskaya (2011); Divjak, Arppe
(2013))

Grammatical profile — distribution of grammatical and lexical features of the context, which are
relevant for a particular word class.
« Main difference: profiles are extracted from corpus rather than set a priori

« Automatic determination of words’ distributional preferences:
* Implementation of the model able to process MWESs of various nature on an equal basis
«  The model compares the strength of various relations between the tokens in a given n-gram
and searches for the “underlying cause” that binds the words together, whether it is lexical,
grammatical, or a combination of both
+ Developing an application for people studying foreign languages
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What do we get from extracting
MWEs?

- grammatically restricted colligations: try to + V.Inf
» collocations (incl. idioms): lo and behold

* semantic constructions: sleight of [hand/mouth/mind]
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What do we get from extracting MWEs?

DUSU ‘soul’
KROV’ ‘blood’

VODU ‘water’
MOLOKO ‘milk’
GRET CAJ ‘tea’
‘warm (up)/ heat (up)’
*N RUKI ‘hands’
LADONI ‘palms’
NOGI ‘feet’
KOPYTA ‘hoofs’
SPINU ‘back’

MASINU ‘car’
MOTOR ‘motor’
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What do we get from extracting MWEs?

Colligations
GRET Colligation — the
‘warm (up)/ heat (up)’ N .aCC grammatical company a
+ N word keeps (or avoids
keeping) and the positions it

prefers.
(Hoey, 2004)
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What do we get from extracting MWEs?

> ‘to please, to make happy’

DUSU ‘soul’ u
—I—> ‘to warm oneself’
KROV’ ‘blood’ Collocations

Collocation typically denotes

GRET frequently repeated or
‘warm (up)/ heat (up)’ statistically significant
+ N co-occurences, whether or

not there are special

semantic bonds between
collocating items.
(Moon, 1998)




What do we get from extracting MWEs?

Constructions
VODU ‘water’
MOLOKO ‘milk’ Construction — a pairing of
GRET CAJ ‘tea’ form with meaning/use such
‘'warm (up)/ heat (up) that some aspect of the form
+N RUKI ‘hands’ or some aspect of the
HAIDIOIN Tzl meaning/use is not strictly
NOIE] froatt predictable.
KOPYTA hoofs (Goldberg, 1996: 68)
SPINU ‘back’ ! '
MASINU ‘car’
MOTOR ‘motor’
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Algorithm

Data
collecton —>

~N

For each part of speech:

For each
grammatical
feature:

% particular values //7
Stable / for the features

features
\ most specific /f
tokens / lemmas

most specific /f
semantic classes
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Kullback-Leibler divergence

mcorpus W corpus
0,6

m"B" (in/into)

m"B" (infinto)

FREQ

FREQ

PR EEY YN

CASES

GENDERS

Kopotev et al. 2013

Q(

N .
Dgr(Qc||Pe) = ) Q(c;) x log ?;
i=1 .
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]
%\Weighted frequency ratio
[

FR(p,w) = £2:)

« Kopotev et al. 2013: research on bigrams beginning with prepositions;
disambiguated subcorpus of RNC (a. 6 millions)

- Case category has the maximum D, for all the prepositions

* FR predicts the correct case with a precision of 95% and recall of 89%

wFR(p,w) = FR(p,w) X log f(w)

- Kormacheva et al. 2014: research on bigrams matching the [Preposition
+ X.Noun] pattern; disambiguated subcorpus of RNC (a. 6 millions)

« Comparison of 6 evaluation measures (FR, wFR, MI, dice, t-score,
frequency) for collocation extraction; wFR shows the best results

- The accuracy for different prepositions varies significantly — between 4%

and 73%
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Error analysis

+ Collocations:
— bez pamjati (without. PREP memory.NOUN.SG.GEN, 'like mad',
'passionately')
— bez ceremonij (without. PREP ceremony.NOUN.PL.GEN,
'informally')
— u istokov (at.PREP river source. NOUN.PL.GEN, 'at the origins')
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Error analysis of u (‘near/ at’)

« Constructions constitute a considerable part of the

extracted bigrams:
— 16 : [u 'near/at' + PART OF HOUSE]: okno 'window', kryl’co

'‘porch’, stena 'wall’, etc.;

— 13: [u 'near/at/-' + ANIMAL]: koska 'cat', korova 'cow',
mlekopitajus¢ee 'mammal’, etc.;

— 10: [u 'near/at/-' + RELATIVE]: rebenok 'child', papa 'dad’,

tes¢a 'mother in low', etc.;

— 8: [u 'near/at' + PART OF INTERIOR]: stojka 'counter’,
televizor 'tv-set', kamin 'fireplace’, etc.;

— ©6: [u 'near/at/-" + NATIONALITY]: nemec 'German’, russkij
‘Russian’, cygan ‘Gypsy', etc.;

- Counting these bigrams as relevant collocations
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Semantic clustering method

J

“You shall know a word by the company it keeps’
(Firth, 1957)

Distributional semantics:
the semantic word similarity correlates with the
distributional properties of the context

» collecting contexts for each word in the corpus;
» obtaining pairwise semantic similarity between

words;
= grouping words in semantic clusters.
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Constructional profile for
[molodoj ‘young’ + X]

enb
3BYK [OKTOp KomMaHoup
bepesa
ronoc npodbeccop NOMKOBHMK
Tonons Ha4anbHUK
omex OvpeKkTop fenapan
[epeso
ouuep
_— cepaue
PRf fom TpaBa o6pas
nboBL apyr congar
ouna Hapof
meesy ron MblERb ayla myx Opat
/ .Ae4kL ceeTpa
[eHb R KOHfen—~_ PoAwTeN:
Bpemsi yeresek maTe — CelHpAns
ASng pebeHoKk nania &
MUHYTa Mup ; amd BrnacTb
[eByliKka
nopa MyKYWHA - KEeHEIUHA ML
rocynapcTeo
OaManapeHb
Teatp g obliecTeo
KapTowka — yanyera T
2k My3blKaHT rono8yka
noat
pyab
nesay Hov @ nucatens
anpwxep nesuua
nana XYLIOKHWK
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spruce
birch

poplar
tree

grass
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Constructional profile for
[molodoj ‘young’ + X]

doctor
professor

3BYK OoKTOp KOMaHaup
Bepesa .
ronoc npocheccop director MONKOBHIK
Tononb HaJaRbHUK
cMmex OupeKTop fenapail
fepeBo
ocruep
s cepaue
P fom Tpasa oGpaa
noboBb apyr congar
cina Hapof
meesy ron MblERb dyla myx Opat
~ oYL ceeTpa
[eHb T *eYfey~ poawTens
Bpems yeresek maTe — CelHpAns
ASng pebeHoK nawa &
MUHYTa M1p 7 il BracTb
OeByllka
nopa MyKYWHA - KEeHEIUHA ML
rocynapcTeo
OaManapeHb
Tearp e oblecTteo
KapTowka — yanyera T
APRICT MY3bIKaHT roneﬂzim(a
noat
pYOb
nedsy HOFer nucarens
anpuxep nesvua
nana XYOOMHUK

Generalization about automatically extracted

Russian collocations www.helsinki.fi/yliopisto

19



HELSINGIN YLIOPISTO
HELSINGFORS UNIVERSITET
UNIVERSITY OF HELSINKI

Generalization about automatically extracted
Russian collocations

www.helsinki.fi/yliopisto

20



HELSINGIN YLIOPISTO
HELSINGFORS UNIVERSITET
UNIVERSITY OF HELSINKI

Generalization about automatically extracted
Russian collocations

www.helsinki.fi/yliopisto

21



HELSINGIN YLIOPISTO
HELSINGFORS UNIVERSITET
UNIVERSITY OF HELSINKI

Generalization about automatically extracted
Russian collocations

www.helsinki.fi/yliopisto

22



HELSINGIN YLIOPISTO
HELSINGFORS UNIVERSITET
UNIVERSITY OF HELSINKI

Generalization about automatically extracted
Russian collocations

‘informally’

‘informally’

www.helsinki.fi/yliopisto

‘like mad, passionately’
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- The method extracts MWEs of different nature:
collocations, colligations, constructions

 Most of the extracted MWEs are stable and
frequently used, however not idiomatic

- Some part of the extracted bigrams can be
described in terms of constructions that predict
some grammatical and semantic features of a word
class
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- The method extracts MWEs of different nature:
collocations, colligations, constructions

 Most of the extracted MWEs are stable and
frequently used, however not idiomatic

- Some part of the extracted bigrams can be
described in terms of constructions that predict
some grammatical and semantic features of a word
class
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- The method extracts MWEs of different nature:
collocations, colligations, constructions

 Most of the extracted MWEs are stable and
frequently used, however not idiomatic

- Some part of the extracted bigrams can be
described in terms of constructions that predict
some grammatical and semantic features of a word
class

HELSINGIN YLIOPISTO
HELSINGFORS UNIVERSITET Generalization about automatically extracted
UNIVERSITY OF HELSINKI Russian collocations www. helsinki.fi/yliopisto 26



Collocations

CoCoCo coigtions HOW TO USE ABOUT U5 CONTACTS RUS

Corpora

® |-RU

Pycckme NpoCcAT COBET MAKM COERETAY
YTo no-pycckk AenawT ECnenyo?

WHAT TO SEARCH?
This resource provides the information about how words co-occur and answers the questions like the ones above.

By CO-OCCUrrences we mean:
= syntactic patterns (2aHumMamesca + Instrumentative “to be busy with”; u3-2a + Genitive "because of;
npocume + Accusative/Genitive “to ask for™);
= collocations, i.e. frequently used stable expressions (maxenrcs Boresqe “serious illness”, neyameame eCAEN Y
“to touch-type").

HOW TO SEARCH?
Type the word (e.g., preposition do “before”) in a search box and click SEARCH. The system will show which words or

grammatical features are usually used with the given word.
Be patient: it may take a few minutes to get the results.

For more information, see HELP,

EAED  University of Helsinki, 2015




i PARTS OF SPEECH

! L Moun

i [ Adjective

i ] Numeral

| Mumeral adjective
@ verb

i [ Participle

i [J Gerund

| O Adverb

! LJ Predicative

i [ Parenthesis

i ] Preposition

| O Conjunction

! U particle

i O Interjection

i [J Pronoun

i [ Adjective pronoun
| [J Adwverbial pronoun

I
| [ Predicative pronoun

MOOD

[ Indicative

[ Imperative

[J 2nd imperative
£ Infinitive

ASPECT
[ Imperfective
] Perfective

TRANSITIVITY
£ Intransitive
[ Transitive
TENSE

[ Future

[ Present

@ past
PERSON

(] 1st person
[ 2nd person
[ 3rd person

VOICE
[ Active
[l Middle
] Passive

NUMBER
J Plural

[ Singular

GENDER

[ Masculine
[ Feminine

] MF common
[ Neuter

DEGREE (AD)./ADVERB)
| Comparative
Comparative2
| Positive

Superlative

AD]. FORM
2 Full
Short

0K CLEAR

| CASE

Nominative
I'Vocative
| Genitive
| Genitive2
| Dative
| Accusative
| Accusative?
' Instrumental

| Locative

Locative2
Adnumerative

ANIMACLCY
L Animate
lnanimate



loatians

::Iigati:nz HOW TO USE ABOUT US CONTACTS RUS

rpora

CoCoCo

i i IS o}

(o]
RNC Choose options CnyJain
® |-RU
| OPTIONS | | OPTIONS |

ﬂPTH}hIS

Ha + x [Adj, Pro]+ cny4aii

' GENDER |
- [LEMMA
- nocnegHuit e
. BCAKWIA 10! .

| 1 3TOT 6

EXPORT
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