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Setting the scene

• Human languages are full of multiword expressions (MWEs)
→ Difficult for humans =⇒ difficult for computers

• Language technology has made enormous advances
• Language technology still has trouble dealing with MWEs
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Setting the scene

• Human languages are full of multiword expressions (MWEs)
→ Difficult for humans =⇒ difficult for computers

• Language technology has made enormous advances
• Language technology still has trouble dealing with MWEs

Source: July 12, 2023
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1. Linguistic notions



Intuitive definition

Multiword expressions
Words that belong together
Des mots qui vont bien ensemble

• Related notions
→ Collocations
→ Metaphors
→ Compounds
→ Constructions
→ Phrasemes
→ Named entities
→ Terminology
→ …
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Working definition (Savary et al., 2018)

Multiword expressions
1. Contain at least two component words which are lexicalised
2. Include a head and at least one other syntactically related word
3. Display some degree of lexical, morphological, syntactic or
semantic idiosyncrasy
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Multiword expressions
1. Contain at least two component words which are lexicalised
2. Include a head and at least one other syntactically related word
3. Display some degree of lexical, morphological, syntactic or
semantic idiosyncrasy

• Lexicalised components (in boldface)
→ en

→ en ‘she won’ 6=
→ Components that cannot be replaced nor omitted
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Working definition (Savary et al., 2018)

Multiword expressions
1. Contain at least two component words which are lexicalised
2. Include a head and at least one other syntactically related word
3. Display some degree of lexical, morphological, syntactic or
semantic idiosyncrasy

• Syntactic backbone: dependency
→ fr ‘aǒter’ → (UD)
→ fr ‘do not speak’
→ Recurrent dependency subgraphs
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Working definition (Savary et al., 2018)

Multiword expressions
1. Contain at least two component words which are lexicalised
2. Include a head and at least one other syntactically related word
3. Display some degree of lexical, morphological, syntactic or
semantic idiosyncrasy

• Idiosyncrasy
→ en ‘hippie’ → semantically non compositional
→ en ‘honestly’ → syntactically irregular
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Working definition (Savary et al., 2018)

Multiword expressions
1. Contain at least two component words which are lexicalised
2. Include a head and at least one other syntactically related word
3. Display some degree of lexical, morphological, syntactic or
semantic idiosyncrasy

In short: Exceptions that occur when words get together
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MWE categories

• Broad definition → heterogeneous configurations
• UD-inspired taxonomy based on syntactic function

Verbal idiom

definitions taken for granted

getting our hands dirty

Light-verb construction

the progress made in UD

received less attention

Verb-particle construction

the words that make it up

carrying out research on

Inherently reflexive verb

(fr) il s'évanouit 'he faints'

help yourself to the cookies

Inherently clitic verb

(it) prenderle 'to get beaten'

Multi-verb construction

cannot make do with less

Nominal MWE

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

Modifier MWE

Multiword adverbial

MWEs in a nutshell

notation out of the way

Multiword adjective

worth their weight in gold

full-fledged robust semantic

Multiword conjunction

even though they are

as well as the co-authors

Multiword adposition

In spite of huge progress

MWEs with respect to total

Multiword determiner

broke a bunch of equipment

and a few examples of some

Clausal MWE
C

on
te

nt
 M

W
E

Functional MWE
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Computational tasks (Constant et al., 2017)

“MWE processing is composed of two main subtasks that are oǒten
confused in the literature: MWE discovery and MWE identification”

7/40



Computational tasks (Constant et al., 2017)

7/40



Computational tasks (Constant et al., 2017)

7/40



Why study MWEs in NLP?

• A whole lot of them
→ Up to 44% Open Wordnet entries
→ One MWE every 20 tokens (PARSEME-FR)

• Flowing like a river
• Getting to the meaning
• There is beauty in chaos
• MWEs in the era of LLMs
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→ Increase trust in text generation

• Getting to the meaning
• There is beauty in chaos
• MWEs in the era of LLMs
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• A whole lot of them
• Flowing like a river
• Getting to the meaning

→ Difficult to model and process
→ Challenge computational meaning representations

• There is beauty in chaos
• MWEs in the era of LLMs
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Why study MWEs in NLP?

• A whole lot of them
• Flowing like a river
• Getting to the meaning
• There is beauty in chaos

→ Link to linguistic community’s culture
→ Plays with words, irony, ads, songs, …

• MWEs in the era of LLMs
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Why study MWEs in NLP?

• A whole lot of them
• Flowing like a river
• Getting to the meaning
• There is beauty in chaos
• MWEs in the era of LLMs

→ Role of linguistics in NLP
→ Data curation, evaluation protocols
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2. Discovery of MWEs



Challenges in MWE discovery

• MWE discovery: association scores, patterns, substitution, …
→ (Choueka, 1988; Church and Hanks, 1990; Smadja, 1993; Justeson and Katz, 1995)

• Distinguish idiomatic from topical co-occurrence
→ en ‘rehearsal’ vs.

Challenge:

1. Compositionality continuum
→ en is a pool for swimming
→ fr lit. ‘card blue’⇒‘credit card’ is a card but it is not blue
→ pt lit. ‘foot-hot’⇒‘lucky person’ is neither hot nor a foot
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Compositionality prediction

• Compositionality prediction for MWE discovery
→ Some method generates MWE candidates
→ Each candidate gets a compositionality prediction
→ Less compositional =⇒ lexicon entry

Graded compositionality
• Given a word combination

→ ‘privileged situation’

• Proportion of whole’s meaning predictable from components?
→ Comp( , , ) = 10%
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Research questions

Q1 How to build a dataset with reference compositionality scores?

→ Resources

Q2 How to use word embeddings to predict compositionality?

→ Methods
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Nominal compounds dataset

Question
Q1 How to build a dataset with reference compositionality scores?

• 180 nominal compounds in French, Portuguese and English
→ en ‘small book’
→ fr lit. ‘small nature’⇒‘fragile person’
→ pt lit. ‘cat dropped’⇒‘few people’
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Compositionality annotation

• Out-of-context annotation of each compound

• Scale from 0 (totally idiomatic) to 5 (totally compositional)
→ Head ( ), modifier ( ), compound ( )

• Average across 15-20 crowdsourcing workers
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Resulting scores

compound head mod. compound

Di
sa
gr
ee
+

match nul 4.4 ±1.3 2.2 ±2.3 2.5 ±2.1
mort né 4.6 ±1.1 3.5 ±1.8 3.2 ±2.0
carte grise 4.5 ±0.9 3.2 ±2.0 3.1 ±1.9
second degré 1.7 ±1.9 2.4 ±2.1 1.4 ±1.9
grippe aviaire 4.6 ±1.4 3.8 ±1.9 3.6 ±1.9

Ag
re
e+

eau chaude 5.0 ±0.0 5.0 ±0.0 5.0 ±0.0
eau potable 5.0 ±0.0 5.0 ±0.0 5.0 ±0.0
matière grasse 4.8 ±0.4 5.0 ±0.0 5.0 ±0.0
poule mouillée 0.0 ±0.0 0.0 ±0.0 0.0 ±0.0
téléphone portable 4.9 ±0.5 4.9 ±0.3 5.0 ±0.0

• Analyses confirm linguistic intuitions
• Alternative ways to get compositionality scores: future work

Source: Cordeiro et al. (2019)
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Compositionality prediction

Question
Q2 How to use word embeddings to predict compositionality?

Static word embeddings

• : co-occurence ≈ meaning (Harris, 1954)

→ Embed usual contexts of occurrence in corpora

• Vectors in -dimensional space: mathematical operations
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Underlying hypothesis

Source: ESSLLI 2018 course
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