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Suppose we read in the news that
Amazon bought WholeFoods.

In order to answer questions like
Which company acquired WholeFoods?
Who owns WholeFoods?

we need to figure out the relationship between bought, owns and
acquired.

The verbs are all of a different form, however share a substantial amount of
meaning.
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e One way to express their similarity in meaning is through Entailment Relations
* ~|ogical inference —> if a is true, then b is true
e If | buy something, then | acquire that thing
* If | buy something, then | own that thing
 BUT, If | own something, | didn’t (necessarily) buy that thing

could have built it, stolen it, etc : Entailment Graph ]

see e.g. Berant et al. (2010);

Lewis & Steedman (2013, 2014)
‘\\m /




Form-Independence &
Entailment



Form-Independence &
Entailment

e So, how do we achieve form-independence now?



Form-Independence &
Entailment

e So, how do we achieve form-independence now?

* |dentify cliques in the graph



Form-Independence &
Entailment

e So, how do we achieve form-independence now?

* |dentify cliques in the graph

* (lexemes that are mutually entailing each other, like the group {facquire, purchase,
buy})



Form-Independence &
Entailment

e So, how do we achieve form-independence now?
* |dentify cliques in the graph

* (lexemes that are mutually entailing each other, like the group {facquire, purchase,
buy})

* The members of a clique can be said to have semantic equivalence



Form-Independence &
Entailment

e So, how do we achieve form-independence now?
* |dentify cliques in the graph

* (lexemes that are mutually entailing each other, like the group {facquire, purchase,
buy})

* The members of a clique can be said to have semantic equivalence

* Replace the members of the clique with some generic placeholder (e.g. , Or
whatever name you like; see e.g. Lewis & Steedman (2013))



Form-Independence &
Entailment

e So, how do we achieve form-independence now?
* |dentify cliques in the graph

* (lexemes that are mutually entailing each other, like the group {facquire, purchase,
buy})

* The members of a clique can be said to have semantic equivalence

* Replace the members of the clique with some generic placeholder (e.g. , Or
whatever name you like; see e.g. Lewis & Steedman (2013))

|y

\/




Form-Independence &
Entailment

e So, how do we achieve form-independence now?
* |dentify cliques in the graph

* (lexemes that are mutually entailing each other, like the group {facquire, purchase,
buy})

* The members of a clique can be said to have semantic equivalence

* Replace the members of the clique with some generic placeholder (e.g. , Or
whatever name you like; see e.g. Lewis & Steedman (2013))

RN
N — o
'\/




Form-Independence &
Entailment

e So, how do we achieve form-independence now?
* |dentify cliques in the graph

* (lexemes that are mutually entailing each other, like the group {facquire, purchase,
buy})

* The members of a clique can be said to have semantic equivalence

* Replace the members of the clique with some generic placeholder (e.g. , Or
whatever name you like; see e.g. Lewis & Steedman (2013))

N
N — o
'\/




Form-Independence &
Entailment



Form-Independence &
Entailment

* What have we achieved by that?



Form-Independence &
Entailment

* What have we achieved by that?

Amazon bought WholeFoods.



Form-Independence &
Entailment

* What have we achieved by that?
Amazon bought WholeFoods.

now becomes



Form-Independence &
Entailment

* What have we achieved by that?
Amazon bought WholeFoods.
now becomes

Amazon WholeFoods.



Form-Independence &
Entailment

* What have we achieved by that?
Amazon bought WholeFoods.
now becomes
Amazon WholeFoods.

* This enables us to answer questions like



Form-Independence &
Entailment

* What have we achieved by that?
Amazon bought WholeFoods.
now becomes
Amazon WholeFoods.
* This enables us to answer questions like

Which company WholeFoods?



Form-Independence &
Entailment

* What have we achieved by that?
Amazon bought WholeFoods.
now becomes
Amazon WholeFoods.
* This enables us to answer questions like
Which company WholeFoods?

Who owns WholeFoods?



Form-Independence &
Entailment

* What have we achieved by that?
Amazon bought WholeFoods.
now becomes
Amazon WholeFoods.
* This enables us to answer questions like

Which company WholeFoods?

Who owns WholeFoods? » OwWhn



Form-Independence &
Entailment

* What have we achieved by that?

e This enables us

Amazo

now becomes

Amazo

Which c

Who o

imgflip.com




And what is it good for?



And what is it good for?

e Being no longer reliant on seeing specific forms of verbs
(words) is taking a step towards actual Natural Language
Understanding



And what is it good for?

e Being no longer reliant on seeing specific forms of verbs
(words) is taking a step towards actual Natural Language
Understanding

e Question Answering



And what is it good for?

e Being no longer reliant on seeing specific forms of verbs
(words) is taking a step towards actual Natural Language
Understanding

e Question Answering

e Machine Translation / Cross-Lingual Knowledge Transfer



And what is it good for?

e Being no longer reliant on seeing specific forms of verbs
(words) is taking a step towards actual Natural Language
Understanding

e Question Answering
e Machine Translation / Cross-Lingual Knowledge Transfer

e Align entailment graphs across languages and
share their learnt semantics



And what is it good for?

Being no longer reliant on seeing specific forms of verbs
Is taking a step towards actual Natural Language

(words)

Understanding

Question Answering

Machine Translation / Cross-Lingual Knowledge Transfer
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* |n other languages (e.g. the Slavic language family) these distinctions are part of the morphology of
verbs

* i.e. you would use a different inflected form for “ in a bar of chocolate” vs. “ate chocolate”

* In English, we need to rely on co-occurring with a given verb
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Friedrich et al., 2016), and one for vs atelic events (Friedrich & Gateva, 2017).

e The datasets contain example sentences from different corpora.

 Each verb is annotated within the scope of a sentence, so some
for the verb is available.

We are only relying on distributional representations for words (e.g. from
word2vec [Mikolov et al., 2013])
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Jane decided to leave early

e Then contextualise (i.e. compose) the target verb with its context through
vector addition

e v(phrase-win) = v( ) + v(Jane) + v(to)
e v(phrase-dep) = V( ) + v(Jane) + v(leave)

e Subsequently use the resulting phrase vector as input to a classifier to predict
whether Is a state or an (or alternatively a or an atelic

event) »
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So in conclusion, closed class words are really strong indicators of aspect, but they also need to
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17



Modelling Aspect with
(( \ 2 AND'DIR I S

|
ENTA .
structions as these

We looked a bit m¢
frequently where re

We found that pron
strong indicators o

Fases are very

/ shelter. (I

It took time. (st
Whereas common y ambiguous:
* Thorndike

If its "Thorndike
But if its “Thorndike

So in conclusion, ¢
occur in the “right”

1t they also need to

17



Modelling Aspect with
(C | 1 [ENDDIRECTIONAL &

|
ENTA .
structions as these

We looked a bit mc
frequently where re

We found that pron
strong indicators or™

g1raSesS are very

/ shelter. (F~

It took time. (st

Whereas common y ambiguous:

e Thorndike

If its "Thorndike Reviewer 2

~z,

But if its “Thorndik ' l ' b D
™
L .

So in conclusion, ¢
occur in the “right”

1t they also need to

—

imgflip.com 3

17



Outline



Outline

Towards a Form-Independent Semantics with Entailment
Graphs

WTH is Aspect?
Tensing up Entailments

Conclusion

18



Tensing up Entailments



Tensing up Entailments

e |ts all nice and easy if we ignore tense



Tensing up Entailments

e |ts all nice and easy if we ignore tense

— OWNn



Tensing up Entailments

e |ts all nice and easy if we ignore tense

— OWNn

e But what if we read “Josh a car tomorrow.”?

19



Tensing up Entailments

e |ts all nice and easy if we ignore tense

— OWNn

e But what if we read “Josh a car tomorrow.”?

e That means he doesn’t own one (yet)!

19



Tensing up Entailments

e |ts all nice and easy if we ignore tense

— OWNn

e But what if we read “Josh a car tomorrow.”?
e That means he doesn’t own one (yet)!

e But when we read “Josh a car yesterday.’

19



Tensing up Entailments

e |ts all nice and easy if we ignore tense

— OWNn

* But what if we read “Josh a car tomorrow.”?
e That means he doesn’t own one (yet)!

e But when we read “Josh a car yesterday.’

e Then we can infer that he owns one.
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thought of being so (in)tense with Entailments

e Evaluation based on a Precision/Recall curve with varying thresholds

e Comparing the verb + auxiliary in original form (has bought vs. is
owning), the verb in original form without auxiliary (bought vs. owning)
and the verb in lemmatised form with auxiliary (have buy vs. be own)

* The first baseline (no auxiliary, original form) tests whether
to solve the problem

e The second baseline tests whether information about
per se
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Conclusion

Entailments as the stepping stone towards Form-Independent
Semantics

Verbs are quite complex, really
* Aspect (substantial influence on a verb’s Entailment behaviour)
 Tense (substantial influence on a verb’s Entailment behaviour)

Distributional Semantic Vector Space Models capture information
about both linguistic concepts

Distributional Composition can be leveraged to recover even more
information
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Q & (maybe) A

tkober@inf.ed.ac.uk
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