Features of Annotation of Yerb Complements in Different Stages and Varieties of Armenian

(Research project idea)
Anna Danielyan, Marat Yavrumyan

Aims of the Project

e To develop a combined annotation system and a tagset of linguistic universals for verb complements for different historical stages and varieties of
Armenian, utilizing the NLP-applicable universality of terminologies and methodologies (typologically oriented grammatical theories and dependency
grammar).

e To promote the improvement of digital sets of tags and relations developed for Armenian.

What do we have?

2 corpora for Eastern Armenian and 1 for Western Armenian in UD (also, a corpus of Classical Armenian developed lately by another team)

More than 40 verb complements in traditional grammar VS 10 relations in UD corpora for Armenian

Challenges

¢ Inconsistencies and gaps in traditional approaches concerning core-noncore distinction and voice determination, that need to be clarified in order to
obtain high-quality corpus annotation for NLP purposes.

Issues and solutions

Accusative-like dependents for middle and passive verbs, determination of dependency relations of ditransitive causative verbs. The issue of
causative voice.

Some solutions found due to reconsidering some aspects in tradition and the inventory of syntactic relations in UD while working on the
corpus of Western Armenian developed later than the corpus of Eastern Armenian.

Perspectives

e To provide a suitable basis for bringing out inter-linguistic parallelism across varieties of Armenian compiling a general set of tags and relations for verb
complements. This will be a step towards further bigger projects for creating diachronic and/or parallel corpora for Armenian.



Challenges in corpus annotation of

copulative perception verbs Un IE)_IVG

Alon Fishman
The Open University of Israel

Goal: Find (cross-linguistic) patterns of form-function mappings in a class of verbs

Forms: Hebrew ‘look’ Annotation challenges:

(i) looks weird. ‘wonderful’ 512 Multiple polysemies
(ii) wyglada dziwnie.  (Polish) =aallieis 625 23 * Intra- & cross-
looks  weirdly ‘big’ 5 392 linguistic variability
(iii) niret muzar / -a. (Hebrew) S|mple Annotation variability
looks.F  weirdly / weird.F
Functions: Tt L% 14 Is your language missing?
' ‘excellent’ 1260 19

. 3By4aTb, nayttaa, brzmied,
(a) X has aweird look. ‘elastic’ 5 118

(b) X’s look suggests weirdness. ‘obvious’ 9 241 sonar, klingen, avoir l'air



Ccost Annotating French MWEs s

- for French L2 learning lilpa

UniDive Amalia Todirascu, University of Strasbourg inguisiiaue, Langues, paole
- (todiras@unistra.fr) (WG1)

« Aims : create a CEFR-level corpus and build a MWEs lexical database for French L2
learners, annotated with CEFR level (related work with ANR project STAR-FLE)

« MWEs are difficult for L2 language learners (Bahn and Eldaw, 1993), (Siyanova, 2017)

* Simplified typology of verbal MWE (Todirascu et al, 2019): idioms, collocations, fixed
expressions

I -

Reference level I [
descriptor CEFR-annotated ‘
(Beacco) corpus L

corpus (simplified
MWE categories

| Automatic annotation of MWES ;gh%tﬁ
| with VarIDE (Pasquer et al., 201 model

Manual annotation of MWES
with CEFR level J [

Computation of CEFR level
(Todirascu et al., 2019)

[ -

PolylexFLE database '

(4525 verbal MWE, Books for L2

1186 annotated < ————— learners
with CEFR) \ Rey (2007)

d . — 1/1

Lexique-Grammaire

anr’ . G
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Abstractive Text Summarization Datasets, Models, and Tokenization Approaches
for Turkish and Hungarian
Batuhan Baykara, Tunga Glingor
Bogazi¢i University, Computer Engineering, Istanbul, Turkey

Text summarization —
»  Extractive text summarization ———|
> Abstractive text summarization

Sowce Document Abstractive Surmma

This work is related to abstractive text summarization

Contributions:
» Two large-scale publicly available summarization datasets for Turkish and Hungarian
»  Strong baselines for both datasets

»  Comparing pointer-generator model (commonly-used baseline model for summarization)
with BERT-based models

»  Two morphological tokenization methods
»  SeparateSuffix
»  CombinedSuffix




Bridging the Geological Lexicon
and Corpus with Focus on MWEs

Extraction

Biljana Rujevié, Cvetana Krstev, Mihailo Skori¢

. Lexicon in
GeoSrpKor MWI.E Termlno!ogy he LeXimirka

/ // extraction // evaluation // ; /
environment

-—_ )




A taxonomy proposal for multiword expressions

Carlos Ramisch — Aix Marseille Univ, France

Content MWE

Verbal idiom

definitions taken for granted

| getting our hands dirty

| Verb-pariicle construction |

the words that make it up

| carrying out research on

Light-werb construction

the progress made in UD

' received less attention

Inherently reflexive verb

(fry il s"évanouit 'he faints'

help yourself io the cookies |

Multi-verb construction

Inherently clitic verb

. cannot make do with less

Nominal idiom
MWE definitions: a rat's nest

a sort of "MWE hotline”

Multiword pronoun
no one tries to kill a pig

dependent on each other

 (it) prenderle 'to get beaten’ |

Multiword adverbial
MWES in @ nutshell

notation out of the way

Multiword adjective
worth their weight in gold

full-fledged robust semantic

Feedback wanted

Nominal idioms vs.
and
VS. MWEs
In
adverbials (in adition to)
vs. adpositions (in spite of)

vs. determiners a lot of apples

Come share challenging examples in your languages'!




UD Syntax for the ELEXIS-
WSD Parallel Sense-
Annotated Corpus:

A Pilot Study

Carole Tiberius!, Jaka Cibej?, Jelena Kallas3, Kertu Saul3, Kadri Muischnek?
Simon Krek>

Unstituut voor de Nederlandse Taal, The Netherlands,
Faculty of Arts, University of Ljubljana, Slovenia,
Institute of the Estonian Language, Estonia,
4University of Tartu, Estonia,

5| ozef Stefan Institute, Slovenia




@Iexi e rcosrapnc
Manually-curated lexical-semantic resource combining
corpora and sense inventories

Relevance: WG1 and WG2 Manual validation of UD parse:

Dutch and Estonian
Extension of dataset within UniDive

with:
* new languages and e
° neW annOtation IayerS: Denn"a 2 mdw::nu::r - E I:.aﬂ:ll::tm‘T dlnte::?on;i% F[t%?aﬂllTou:::ent %‘ gﬁ%
* annotation of multiword expressions _ - s
following the PARSEME annotation -
guidelines
e annotation of named entities e E

was jeugd team van Benfica

* syntactic parse structure following
Universal Dependencies

- This project has received funding from the European Union’s Horizon 2020 research and innovation programme under grant agreement No 731015.



Leveraging Linked Data, NIF, and CONLL-U
~ = for Enhanced Annotation in Sentence
Aligned Parallel Corpora

((\g)(\ <http:/furl> a nif:ContextCollection ;
nif:hasContext <http://url/enwsd> .

e Interlinking MWE Q’\O\e orP ELEXIS-WSD  cicvuens « nieiconent,

I i i i Ga nif:;;;i:iii:isﬁs?dsfring ’
lexicon entries with their O (a\(a(\s Parallel e

' @] Sense- e e e
occurrences in corpora ??\a

° pUb“Shlng Of allgned Annotated q;i?og%;%;:z::r:;g,bnlf—q;hrase ;
and annotated corpus Corpus PifiendTnden 145 ;.
as LD employing NIF L el

itsrdf:taClassRef dbo:Person,wd:Q5,
<http: //nerd.eurecom. fr/ontology#Person>.

]:1le blood pressure a ontolex:LexicalEntry,
ontolex:MultiwordExpression;
ontolex:canonicalForm [ontolex:writtenRep "blood pressure”@en];
lexinfo:partOfSpeech lexinfo:noun;

Nexus ? ontolex:sense [ontolex:reference ranka@ rgfrs

<https://dbpedia.org/page/Blood pressure>];
H decomp:constituent :cm blood; Hp H H
L'nguarum decomp:constituent :cm_pressure; ChrIStIanChlarcos@unl_ade
rdf: 1 :le blood; # lexical

rdf: 2 ile pressure. # entries milica.ikonic.nesic@fil.bg.ac.rs




WG, WG3

@,"hﬁc T% AL

® ! o High cost + time 9 Generate idiomatic g Prompt GPT4 for context,
requirement instances with LLMs ' then generate samples
IDIOM CORPORA CONSTRUCTION
VIA LARGE LANGUAGE MODELS

pA T ' Q}.“E L7
QO % Sequence labelling ) , $ N
4 task on idiom 5 Not o hu.m.dn—level e 7 Addltmpal langu:ages and
detection yet promising prompting techniques

@S UL 2p



Advances in Natural Language Processing:

Bridging Text and Knowledge via Grounding and

e .
UniDive Ccost [

Innovative Applications
Edoardo Barba - UniDive - 2nd General Meeting | WG-{1,3,4}

INGLESE &

ITALIANO

Lexical @
x Am‘biguity

Tap the head of the drum for this roll.

)
Tocca la testa del tamburo per questo w M aCh i ne
rotolo. o
Translation

)

o <

n|

After standard
MT trainin
— g -

@

WSP-NMT (AMUSE-WSD)
WSP-NMT (ESCHER)
WSP-NMT (ESCHER) w/ morph. inflection

vvvvv

aaaaaa

AL

A COMET22 gain wrt

ALL NOUN EnEs EsEn Enfr FrEn Endt ItEn EnRo RoEn

POS Tags

Improvements in
Machine Translation

Improvements on the
disambiguation capabilities

FUTURE Al RESEARCH

2)

Transfer learning via
noisification and reconstruction
<« of the original input sentence /
translation in a target language

| like singing and dancing
I

Noisification

E———

| like cantare and bailar

1) Reconstruction

+ 2) Translation o O*O (o]
I like singing and dancing I ro_‘
J'aime chanter et danser
oooo

| like singing and dancing @
1 |

Word Sense Disambiguation

Dataset Creation:

v
Word Sense Disambiguation + f J
&
BabelNet \ F
v
cantare
cantar
chanter
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Analyzing adjectival homonyms and polysemy:
Unsupervised methods for enhanced Large Language Model understanding

Eniko Heéja, Noémi Ligeti-Nagy AT NYTK

HUN-REN Hungarian Research Centre for Linguistics, Budapest PEH

Motivation

This paper presents a novel approach 1o understanding adjectival
focusing on as opposed 0

y 2
challenges pesed by e Word-in-Context (WIC) dataset (Plehvar &
Camacho-Collados, 2019), which has been a weak spot for few-shot
LLM performance (e. g GPT3). It also peoved 10 be a difticult task
even for humans (low LAA). Building on our previous research, this
stucy questions the tradicnal defintions of palysemy and
homonyy, suggestng fat a deeper understanding of these
‘concepts is crudal for iImproving LLMs.

Previous work
We propcse a graph-based representation of e static

embaddings of Hungarian adjectives enirely hased on corpus data
{c Colados &

Previous findings

The local properties of the adjectival graph enable us % grasp

of the ady by corpus dniven means.

Adjectival senses: Sngle ciques
are good 1o

adjectval senses
(exampie)

Polysemic meanings: Belongng %o multiple cligues corespond 1o
polysemic meanings (examplo)

Semantic domains: Connected graph compenents dissect graph G
Into neatly characterized semansc domains. 6,417 adectives were
fold apart o 1, 807 such as (eg. u
Thimbiedd", cseppny’ ‘a drop of’, hayszaingd hair's bread’), mon
ceders, and

Research question

Can we identity based on the of graph G?
Some demonyms prevalent in the corpus, lke et (Latvian’, also
meaning becama ), dsxt { Estonian’ and the accusatve form of wit'),
and k{'Insh’ and ‘writes’), were missing from the ohorwise
comprehensive list (. Héja et al, 2023)

The closer inspection of the graph showed that these acjecaves
ended up as isolated nodes in the adectival graph

Vot s Srryta fan-ren i, |ges-rugp noeTe @yt fanen f

Graph Induction steps (sae Héja and Liget-Nagy, 2022)

1) The of he chosen were
raned on a 170M sentence subpart of the Webcompus 20
2) A weig! graph, F, was ges based on

e adjectival word2vec representations. In this graph, nodes
represent adjectives, whie edge weights Indicate the
strength of semantic similarity between every par of

. The weights were calculated using the standard
‘cosine similarity measire.

3) Subsequently, an unweighied graph, G was created by
bnanzing £. We used a K cut-off parameter 10 eliminate
edges with low strength. Each edge weight wwas setto 1 #
Wi K and wwas sot 10 0, it w < K As a result, the graph G
consists anly of edges of the same streng®h (w = 1), where
edges with w = 0 were omitted. Dunng cur experiments, K was
setto 0.7.

a ym term refers to two
ditferent things. Thus, based on the dstributional hypothesis it
folows that Initially there are two coherent set of contexts that
end up merged in the word2vec training data. Moreover, the
merged set of contexts are unique to the target woed. That is,
they will show up as isolate nodes in the word2vec graph.

Hypathesis: {adjectival) homonyms can be identitied as
subsct of the isolate nodes in the iInduced graph G. This
mathed Is language per

Results

The 30 most foquent isolate adjectives can be classffied into

four main categories:

1) Homonymy1: Adjectves with unusual, multiple PoS
categones (0.9., egész ‘whole', ‘entire’, ‘complote’, Sosal, ‘all';
igaz wuthtul’, ght', Yue', ‘gencne’, Valid, ‘0K, etc.).

2) Homonymy2: Pant-cf-speech changers (e.g. esd Taling' vs.
Tan'; feff Latvian’ vs. became’; s2iard 'sobd’ vs. a male

name);
3) Homonymy3: Adjectival homonymy (e 9., rendes ‘docert’ vs.
usual).

4) dernved from with the
derhvational sufix | (NAROY ‘without', rand Yorward').

Analyzing adjectival
homonyms and polysemy
Enikdé Héja — Noémi Ligeti-Nagy

HUN HUNGARIAN RESEARCH
REN CENTRE FOR LINGUISTICS

Unsupervised graph-based
method

Adjectival semantics: homonymy
(previous study: polysemy)
Homonyms appear as isolate
nodes in the graph; 4 distinct
categories
Language-independent



Probing Coreference Models of Romance Languages using
Multiword Expressions

Evelin Amorim
evelin.f.amorim@inesctec.pt

e Coreference: Who is the entity mentioned by some expression? _ . :
Glossary: Os usuarios mais

O usuarios antigos eram 0s que mais reclamavam. antigos/Old Users,
eram/were, os/the, que/who,

) mais/the most,
Old users were the ones who complained the most. reclamavam/complained

N7

e How does MWE influence the current SOTA English coreference model and how does
this seq2seq model behave in Romance Languages?

Phase 1 Phase 2
Phase 3
a—- - a—- — —— A
Portuguese Erench Spanish Italian Identification hich are Coreferential
Portuguese] | -French Spanlsh Itallan oreference| |coreference| [coreference| |coreference) of MWEs oreferential MWEs
model model model model
nalysis
Extraction of Training seq2seq w -
coreference Resuhs coreference
models
Anal ysis
A
Y :.‘/»
i

s;aselep

aoua:a;am:)

Coreference
models

Y

seg2seq
Extraction of
- Results
coreference
Analysis

English
coreference

e Outcomes:Understanding of the influence of MWEs in coreference models and
improvement of coreference models for Romance languages

model
Contacts: N —
evelin.f.amorim@inesctec.pt @ ~ U n@ve “ tne European Union
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Develop tools and datasets for the automatic
identification of MWEs and their annotation
and integration in multilingual language
settings.

STEPS

(1) Extract MWESs from lexicographic resources
and LLMs

(2) Apply cross-lingual embeddings and list the
top 80 most frequent MWEs

(3) Auto-extract candidate and manually
annotate them

(4) Apply deep learning techniques to
discover/detect and tag unseen MWEs

(5) Finetune different LLMs on the training set
in few-shot transfer for the languages covered
and produce generally useful MWE detectors

Proe Shueis ety o lexjcala

Ljubdjana - FRaMarko Robnik b K DICTIONARIES

Maples, Italy, 8-9 February 2024
https://unidive.lisn.upsaclay.fr/

Multilingual semi-automated identification
and annotation of multiword expressions

llan Kernerman
Lexicala by K Dictionaries

KEYWORDS

OUTCOMES

v A framework for MWE discovery and annotation
v’ Trained models for MWE identification
v'UD-based annotated datasets for MWE identification

~cost UniDive | [



* reflexive verbs, verbal idioms, and light verb constructions in Croatian general
language online dictionaries (Croatian Language Portal; Croatian Web
Dictionary — Mreznik) and online valency lexicons (CROVALLEX; e-Glava)

« aim: description of VMWEs in the verb valency database \Verbion — Semtactic
(Semantic-Syntactic Classification of Croatian Verbs (HRZZ, IP-2022-10-8074))

* questions:

 non-inherently reflexive verb — lemma, sublemma, sense? p
* LVCs — separate verb sense, semantic roles, etc. '\R
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WG1 https://unidive.lisn.upsaclay.fr/

ArboratorGrew: Collaborative Curation for Treebank Manipulation

Khensa Daoudi, Kim Gerdes, Gaél Guibon, Bruno Guillaume, Kirian Guiller

=
e

?iéggr X

s
=T

https://arborator.github. io/

oo oTEW

[ " o -

/A‘*{f“iﬂw«:“m Loria d "Z . L‘ S H moa H C R ANR-21.CE38-0017
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Word Segmentation in Universal Dependencies

Free Morphs

nice (property)

work (action or object)
now (property)

pes ‘dog’ (object)

ouch (not a root)

Clitics
the book
Smal se. ‘He laughed.
de la escuel-a ‘of the school’;

auf der Briicke ‘on the bridge’

Non-Haspelmath Words in UD

Liebe-s-brief ‘love letter’

ruk-o-pis ‘manuscript’

Kilian Evang, Daniel Zeman
evang@hhu.de, zeman@ufal.mff.cuni.cz

Heinrich Heine University Diisseldorf, Charles University

Roots (+Affixes)

plyn ‘gas’ (free root)

ev-ler ‘house-Plur’ (free root with affix)
alber-o ‘tree’ (bound root with required affix)
re-place-ment (non-required affixes)

Josef-ov-ym ‘Josef-Poss-Ins’ (opt = req affix)

Compounds (+Affixes)

flower-pot
Auto-bahn ‘highway’
stras-pytel ‘scaredy-cat’

Yew-ypoup-io / ged-graf-ia ‘geography’ (affix)

am = an dem ‘at the’, im = in dem ‘in the’

au = ale ‘to the’

C
=)
O
<
()

1

Funded by
the European Union



Funded by
the European Union
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Entropy Behaviour upon Dataset Size Update

Louis Estéeve, Agata Savary, Thomas Lavergne

Thursday 8th February 2024

Laboratoire Interdisciplinaire des Sciences du Numérique — LISN, CNRS

firstname.lastname@lisn.upsaclay.fr
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Variability Across Languages in Zero-Shot Multilingual Learning

A arA Qb alniat
Vianon Scholivet

Lots of variability in zero-
shot learning. Standard De-

| viation :
o 3.23 in the Multi
) experiments
| I III e 17.06 in the
! ¥ by ta (s ga de e . ® o ou fa Nl ¥ 02 M I « tu oW N .I. b W Menanoh pl pt m e 9 W N Wk W W 2 ZerO-ShOt Setting

Is the presence of a close language to the target language among
the languages in the training set important 7

— But what is a "close" language 7

Let's find out!
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Creation Dataset of Token Language Identification wal
for Ukrainian-Russian Code-switching Corpus

Olha Kanishcheva'?, Maria Shvedova'?3

lUniversity of Jena, 2 SET University, 3 National Technical University "KhP!I

Our esuts:

1) A database of about 150,000 tokens containing code-switching between UK Ukrainian words 93 040
Ukrainian and Russian has been collected. RU Russian words 30 956
2) This dataset contains intra-word code-mixing, so-called Surzhik. The

Ukrainian-
dataset is divided at the token level into 5 categories. The next step will be Russian
to analyze the obtained dataset and test different classification models on MIX e e e 225
this data. | o | (Surzhyk)
3) We analyzed the different types of code-switching that occur in our _
Dialects, other
dataset. Others laneuages. etc 615
4) Some metrics of code-switching have been calculated to show the o
complexity of the data. Punct Punctuation 30 695

UniDive 2nd general meeting, University of Naples L'Orientale, Italy, 7-9 February 2024



. On the Inter-Linguistic Disparity of Knowledge Graphs:

UnDive Crcost e,

' Bridging the Gap between English and Non-English Languages FiRE. @ me
Simone Conia - UniDive - 2nd General Meeting | WG-{1,3 4}

Knowledge graphs (KGs) encode our collective understanding of the world in a structured representation.

Before
Wikidata

=

How close can we
getto
language parity”?

After
Multilingually-enriched Wikidata

Problem: non-English coverage is low.

Wikidata Coverage of
non-English entity names vs. English

24 4]
7T a0 | 38
55 N Ll
5 &
a7
N K
45
o B B B
N E 5
o a2 W 71 L B
BO o
= 2 20 M oa
48
52
] . 80
87
17 12 -

AR DE ES FR IT JA KO RU ZH

Our contributions
Data & Benchmarks Systems Applications
(@ WikiKGE-10 M-NTA KG Completion
Entity Linking

35k manually-graded entity names
across 10 languages

Combining LLMs, MT, and WS
to generate high-quality names

Question Answering
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