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Distributional semantics

The distributional hypothesis (Harris 1954):

distributional similarity ⇔ semantic similarity

Distributional similarity computation:
1 extraction of words’ contexts from a corpus
2 weighting of the contexts
3 calculation of the distributional similarity between words

Many models. . . (Distributional Memory (Baroni & Lenci 2010),
LSA (Deerwester et al. 1990), HAL (Lund et al. 1995) etc.)

. . . for many applications (information retrieval, thesaurus construc-
tion, question answering, linguistic research, etc.)
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A first example

10 closest neighbors of conference in Distributional Memory

meeting N 0.838

seminar N 0.823

symposium N 0.806

rally N 0.725

congress N 0.711

workshop N 0.699

colloquium N 0.684

gathering N 0.667

event N 0.650

fair N 0.648
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A second example

10 closest neighbors of mouse in Distributional Memory
→ mix of ANIMAL and DEVICE meaning-related neighbors

rat N 0.542

animal N 0.466

rabbit N 0.449

cursor N 0.440

monkey N 0.424

cat N 0.421

pig N 0.413

joystick N 0.384

dog N 0.375

human N 0.373
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The ambiguity problem

Distributional thesauri: reflection of words’ distributions

But words can be ambiguous

ukWaC corpus (Baroni et al. 2009)
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The ambiguity problem

Data from Distributional Memory

trap V obj eat V subj driver N mod plug V obj . . .
rodent N 13.85 24.33 0 0 . . .

rat N 14.08 222.48 0.33 0 . . .
animal N 170.06 511.04 0 0 . . .
device N 4.27 0.06 78.77 254.62 . . .

keyboard N 0 0 29.33 97.13 . . .
joystick N 0 0 38.92 10.06 . . .

...
...

...
...

...
. . .

keyboard N trap V obj eat V subj driver N mod plug V obj . . .
mouse N 24.89 148.23 52.17 53.94 . . .

⇒ heterogeneous context vectors
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Data
Method
Evaluation
Results

The word sense disambiguation (WSD) framework

Differences with a traditional WSD system:

no contextual information

no sense-tagged corpus

no WordNet-like sense repository

Our framework:

a non-annotated corpus

a lexical substitution dataset

a distributional thesaurus
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The SemDis 2014 lexical substitution dataset

Gold standard of the SemDis 2014 French lexical substitution task
(Fabre et al. 2014)

Goal of the task: to develop systems that give the best substitutes
for a set of contextualized target words

Example from the SemEval-2007 English Lexical Substitution Task
(McCarthy and Navigli, 2009):

The ideal preparation would be a light meal about 2-2 1/2
hours pre-match, followed by a warm-up hit and perhaps
a top-up with extra fluid before the match.
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The SemDis 2014 lexical substitution dataset

Need for an evaluation gold standard

Development of the dataset:

1 selection of 30 French polysemous target words (N, V and A)
2 selection of context sentences in frWaC:

10 sentences for each target word
each sentence is associated to one of the target word’s senses

3 human annotation: annotators – 7 per sentence – were asked
to provide up to 3 substitutes for each target word

Freely-available (http://www.irit.fr/semdis2014/fr/task1.
html)
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The SemDis 2014 lexical substitution dataset

Substitutes provided for the word affection ’affection’ (illness
vs love):

affection as illness: maladie ’illness’ (22), trouble ’disorder’
(9), pathologie ’pathology’ (7), mal ’ache’ (5),
dysfonctionnement ’dysfunction’ (3), atteinte ’harm’ (2),
problème ’problem’ (2), anomalie ’anomaly’ (2), condition
’condition’ (1). . .

affection as love: amour ’love’ (26), tendresse ’tenderness’
(16), attachement ’attachment’ (6), amitié ’friendship’ (4),
sentiment ’feeling’ (4), attention ’attentions’ (2), lien ’bond’
(2), intimité ’intimacy’ (1), sollicitation ’appeal’ (1),
proximité ’closeness’ (1). . .
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The SemDis 2014 lexical substitution dataset

Properties of the dataset:

the coverage is very limited

the development of such a dataset is time-consuming

BUT

each substitute is related to a sense

the different senses are easily distinguished from one another

the semantic relatedness is valued (number of annotators)

all the substitutes are commonly used words and are thus
frequent in contemporary corpora

Value of this resource for disambiguating distributional neighbors?
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The SemDis 2014 lexical substitution dataset

Selection of a subset of 11 out of the 30 SemDis two-meaning
target words

4 nouns: affection (love vs illness), débit (debit vs
output), don (talent vs present), montée (rise vs
ascent)

4 verbs: entrâıner (train vs lead to), fonder (create vs
base on), interpréter (understand vs perform),
maintenir (hold vs assert)

3 adjectives: aisé (easy vs rich), mince (thin vs poor),
riche (rich vs wealthy)
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The distributional thesaurus

Properties:

generated from a 262-million words corpus of French
Wikipedia articles

contains the nouns, verbs and adjectives which occur in at
least 5 different contexts in the corpus

syntactic dependencies were used as contexts using the
Talismane parser (Urieli, 2013)

weighting of the contexts: pointwise mutual information

similarity measure: cosine measure

The distributional thesaurus is used to provide a list of 10 distri-
butional neighbors for each of the 11 target words
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How to find the meaning of a target word to which its
neighbors are related?

1 Generation of the sense vectors of affection (Wiki. corpus)

Generation of the neighbors’ distributional vectors

Measure of the similarity between neighbor’s vectors and
sense vectors
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Method

Results of the similarity measure for the neighbors of the target
word affection

senses
love illness

complication ’complication’ 0.110 0.590
lésion ’lesion’ 0.086 0.744

sympathie ’sympathy’ 0.680 0.062

admiration ’admiration’ 0.776 0.079

infection ’infection’ 0.126 0.691
tumeur ’tumor’ 0.052 0.520

symptôme ’symptom’ 0.228 0.542
estime ’esteem’ 0.300 0.024

manifestation ’manifestation’ 0.134 0.603
épilepsie ’epilepsy’ 0.083 0.324
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Evaluation

Manual annotation of the 10 nearest neighbors for each of the 11
SemDis target words (25 % pariwise agreement)

In the annotation guidelines, a neighbor can be related to:

the 1st or the 2nd sense of the target word
→ 70 % of the 110 neighbours

both senses
→ 10 %

none
→ 20 %
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Evaluation

Need to compare the similarity scores and the annotations

Development of a rule-based decision system based on 2 variables:

the ratio between the two similarity values (threshold σr )

the lowest of the two similarity values (threshold σlow )

Illustration with the target word débit ’debit’

flux ’flow’ retrait ’withdrawal’
taux ’rate’ 0,747 0,511 sense 1

revenu ’income’ 0,529 0,521 both
précipitation ’precipitations’ 0,395 0,419 none
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Results

Accuracy of 0.64 over the 110 neighbors

Gold \ System None Both Sense 1 Sense 2 Total

None 5 0 2 15 22
Both 0 1 8 2 11

Sense 1 1 0 36 0 37
Sense 2 4 3 4 29 40

Total 10 4 50 46 110

Confusions with the categories None and Both

Only 4 cases out of 110 where the system chose one sense and
the annotators chose the other
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Results
Unequal performance among the 11 target words

contexts of the sense vectors of affection (accuracy 10/10)

illness love
neurologique A ’neurologic’ A éprouver V ’feel’ V

chronique A ’chronic’ A profond A ’deep’ A
mental A ’mental’ A sentiment N ’feeling’ N

soigner V ’cure’ V paternel A ’paternal’ A
grave A ’severe’ A vouer V ’vow’ V

contexts of the sense vectors of fonder ’to found’ (accuracy 4/10)

create base on
fait N ’fact’ N occasion N ’occasion’ N

principe N ’principle’ N critère N ’criterion’ N
idée N ’idea’ N modèle N ’model’ N

décision N ’decision’ N emplacement N ’place’ N
hypothèse N ’hypothesis’ N remplacement N ’replacement’ N

→ difference of distance between the sense vectors
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hypothèse N ’hypothesis’ N remplacement N ’replacement’ N

→ difference of distance between the sense vectors

27/30 F. Morlane-Hondère, C. Fabre, N. Hathout and L. Tanguy Disambiguating Distributional Neighbors



Distributional semantics and ambiguity
Disambiguating neighbors using a lexical substitution dataset

Conclusion

Outline

1 Distributional semantics and ambiguity

2 Disambiguating neighbors using a lexical substitution dataset
Data
Method
Evaluation
Results

3 Conclusion

28/30 F. Morlane-Hondère, C. Fabre, N. Hathout and L. Tanguy Disambiguating Distributional Neighbors



Distributional semantics and ambiguity
Disambiguating neighbors using a lexical substitution dataset

Conclusion

Conclusion

Problem of ambiguity of distributional neighbors

Is a lexical substitution dataset of any help?

7 not a large-scale solution

very limited coverage
lot of manual intervention

X an interesting alternative to WordNet-like thesauri

X a harder task for some target words
→ linguistic interest: a closer look to the distributional
mechanisms
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